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Abstract Universities design curricula from programme goals, learning outcomes, courses, credits,
and prerequisites. Regulatory requirements are also checked during curriculum design. We present
Curriculum-KAG, a human-supervised decision-support prototype for curriculum design. It sup-
ports bachelor’s, master’s, and doctoral programmes. The proposed method combines Retrieval-
Augmented Generation (RAG) and Knowledge-Augmented Generation (KAG). It uses Kazakhstan’s
historical educational-programme corpus and multilingual retrieval. Contextual expert evidence is
also incorporated into the process. A curriculum graph represents courses, prerequisites, and pro-
gramme structures. Constrained semester planning is used to generate feasible curriculum plans.
Archived pair-classification and ranking results are retained as separate experiments. Results from
six programmes are also reported as a separate pilot study. An earlier engineering exercise produces
80 curriculum plans. Consultations with 28 experts provide additional contextual evidence. These
results are reported with their respective evidentiary limitations. Neither study is treated as indepen-
dent proof of academic quality. Course provenance is exposed for committee inspection and revision.
Post-generation structural checks are also applied to proposed plans. The current evidence supports
supervised institutional piloting of Curriculum-KAG.
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1 Introduction

Educational programme design follows several connected academic stages. Programme pur-
pose and professional profiles are defined first. Programme learning outcomes (LOs) are then
formulated to specify graduate knowledge and abilities [1]. Courses are selected for outcome
instruction and assessment. Credits are allocated across semesters, and prerequisites are or-
dered. Academic and regulatory requirements are then checked. Each course must support at
least one programme outcome [2]. These activities require evidence from existing programmes
and expert judgement. Historical programme structures provide valuable evidence for curricu-
lum design. However, such evidence requires appropriate retrieval and contextual interpreta-
tion. Course titles alone provide insufficient evidence for curriculum decisions. Course-to-LO
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relations also require semantic and expert evidence. Curriculum planning therefore requires
evidence retrieval and structural verification. Earlier platform and syllabus research is ex-
tended in e.g., [3], [4]. Prior curriculum studies are incorporated in [5], [6]. Future evaluation
may use hybrid attainment models [7]. Kazakhstan provides a suitable national context
for this study. Educational programme records are maintained within the Unified Higher
Education Platform. The abbreviation EPVO is used throughout this article. Programme
records have been submitted for approximately ten years. Bachelor’s, master’s, and doctoral
programmes are represented. External specialists assess declared course-to-LO relations. Au-
thentic programme structures and expert judgements are therefore retained. EPVO is not
treated as a simple course catalogue. Programme identities, education levels, field codes, and
group codes are stored. Programme goals, LOs, courses, credits, and recommended semesters
are also stored. Course descriptions and course-to-outcome mappings are included. The pub-
lic Registry is used as the authoritative interface [8]. This longitudinal evidence provides a
basis for curriculum recommendation and comparison. Prior studies address digital educa-
tion platforms and AI-assisted syllabus design [3, 4]. Curriculum graphs, sequence models,
and educational prediction are also examined [5, 7]. The initial Curriculum-KAG design is
previously introduced [6]. This study combines these directions within one curriculum-design
process. Curriculum-KAG is proposed as a human-supervised decision-support approach.
Retrieval-Augmented Generation (RAG) and Knowledge-Augmented Generation (KAG) are
combined. Multilingual retrieval identifies programme evidence, while historical judgements
provide course-to-LO evidence. A knowledge graph represents courses, outcomes, and pre-
requisites. Constrained planning then allocates courses across semesters. Users specify pro-
gramme level, field, language, duration, credits, goals, and LOs. Approved EPVO courses are
retrieved, and course-to-LO relations are estimated. Comparable historical judgements are
transferred under defined conditions. One or three explainable alternatives are returned for
review.The method avoids unrestricted text generation. Each course retains its source and LO
evidence. Semester rationale and structural roles are also recorded. A deterministic verifier
checks each plan before review. Credits, workload, prerequisites, level, domain relevance, and
LO coverage are examined. Regulatory components are also checked. Human confirmation
remains required before institutional use.Several limitations affect the evaluation. The histor-
ical 80-plan exercise contains only an archived success set. Failed attempts and repair records
are unavailable. Later planner results belong to a separate evaluation branch. Proxy negatives
are used in the frozen classification test. Independent negative expert judgements are unavail-
able. The 28-expert consultation also lacks blinded common samples. Therefore, structural
passes are not treated as quality or accreditation evidence. Historical EPVO judgements are
treated as expert memory. They reflect different institutions, periods, and local conditions.
Thus, historical decisions are not treated as universal rules. Programme-disjoint evaluation
and conservative transfer rules reduce evidence transfer. Post-generation checks are also ap-
plied, but complete leakage auditing is not claimed. The institutional design workflow also
follows national methodological recommendations for universities[9]. Regulatory requirements
are represented through SCES RK and GOSO RK [10]. Protected components are specified
for each education level. These components are required under Kazakhstan-compliant mode.
Some are not ordinary EPVO profile courses. Therefore, both complete-plan and profile-only
results are reported. Four evaluation questions are examined in this study. H1 concerns
domain-adapted embedding discrimination. Declared and sampled unlinked pairs are com-
pared with an unadapted encoder. H2 concerns shortlist improvements from train-only expert
memory. A fixed retrieval split is used for this evaluation. H3 concerns structural compliance
under bounded planning. Prospective success rates are not estimated from historical plans.
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H4 concerns classical and interdisciplinary programme modes. No causal regulatory effect
is inferred from the six-programme pilot. Also five contributions are provided by the study.
First, a reproducible national data process is established. Raw records, normalized entities,
approved courses, and candidates are separated. Second, a two-stage recommendation process
is provided. Semantic classification retrieves plausible links. Historical expert evidence then
reorders the shortlist. Third, a graph-based curriculum planner is implemented. Credits, lev-
els, domains, prerequisites, and statutory components are constrained. Fourth, an explanation
and feedback process is provided for committee review. Course sources and linked outcomes
are displayed. Model evidence and expert evidence remain separate. Uncertain bridge mod-
ules are also identified. Expert decisions are versioned for later inspection. Fifth, generated
plans receive post-generation structural checks. Internal optimisation scores are not treated
as independent validation. Curriculum-KAG uses a bounded repository of approved courses.
Plausible course names are not freely generated. Whole-course credit values are preserved.
Generative AI is restricted to marked assistance functions. Core plans remain reproducible
without external APIs. The proposed approach supports supervised curriculum design and
institutional review. Its current evidence does not support autonomous programme approval.
Further evaluation is required across institutions and programme types.

2 Related Work

Sentence-BERT places sentences within a shared vector space [11]. Efficient semantic retrieval
is thereby supported. Multilingual representations are important in Kazakhstan. Course texts
appear in Kazakh, Russian, and English. Exact technical expressions are preserved through
BM25 [12]. Such expressions may be weakened within sentence embeddings. Retrieval-
Augmented Generation (RAG) is introduced by Lewis et al. [13]. Knowledge-Augmented
Generation (KAG) adds structured entities and relations [14]. Transformer foundations are
described in [15]. Dense retrieval is described in [16]. Curriculum construction is treated
as multi-objective optimisation. Coverage, relevance, diversity, and interdisciplinarity are
considered. Credits, duplication, prerequisites, and domain balance are constrained. An ex-
perimental Pareto branch is supplied by NSGA-II [17]. Bounded planning and repair are
used operationally. Identical inputs can be rerun and checked. However, determinism is not
independent academic verification. A shared checker is not independent verification either.
The reranker is related to learning-to-rank objectives [18]. Curriculum dependencies can be
represented by neural graph models. They can also be represented by recurrent architectures.
Greater complexity is not automatically beneficial. Controlled GNN and LSTM pilots are
compared with the baseline. No improvement is obtained on the frozen splits. Therefore,
SBERT retrieval is retained. Graph reasoning is used for prerequisite closure [19]-[21]. AI
support for syllabus design is reviewed in the 2024 study. A national operational generator
is not implemented there. One IT-forensics example is emphasized in the initial 2026 paper.
The present implementation is extended across educational levels. Graded evidence and mul-
tilingual records are included. Exact-credit planning and prerequisite graphs are included.
Conditional SCES RK components are also included. PostgreSQL persistence and alternative
plans are provided. Post-generation checks and multilingual interfaces are provided. Matched
evidence for every component is not claimed.

2.1 KAG

Relevant text fragments are usually retrieved through RAG. Those fragments are supplied to
a generative model. Better factual grounding can then be achieved. However, curricular rela-
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tions are not expressed automatically. Course order is not established by retrieved passages.
Outcome support and expert provenance are not established either. Complete credit and reg-
ulatory compliance are not guaranteed. Questions can be answered from documents through
RAG. Valid curricula are not automatically constructed. KAG is discussed separately from
RAG [14]. Curriculum-KAG is inspired by KAG. Every general-purpose KAG mechanism is
not implemented. Canonical courses, levels, and fields are represented. Graded course-to-LO
evidence is retained. Prerequisite and postrequisite edges are retained. Domain membership
and regulatory status are represented. Credits, semester evidence, and provenance are repre-
sented. Candidates are filtered through these relations. Constrained planning is then applied.
The stored plan receives post-generation checks. Structured relations provide additional aca-
demic functions. Course selection reasons can be exposed. Candidate prerequisite relations
can be shown. Approved courses can be distinguished from synthetic bridges. Structurally
invalid plans can be rejected. Universal superiority over RAG applications is not claimed.
The earlier Curriculum-KAG concept is extended [6]. Classical and two-domain programmes
are supported across levels. Figure 1 contrasts document retrieval with structured curriculum
construction and verification.

Figure 1: Conceptual comparison of plain RAG and Curriculum-KAG. The deterministic
constraint check is a separate software stage, not independent academic validation.

3 Dataset and Evidence Formation

Data are obtained from the public EPVO Registry. Programme mappings are submitted by
university departments. Those mappings are assessed by external experts. Values of 0, 0.5,
and 1 are assigned. Expert strength is represented by these values. Model confidence is not
represented. Four data layers are preserved. Raw records remain immutable. Normalized
entities and links are stored separately. Approved multilingual courses form the operational
repository. Project candidates are scoped from that repository. Every selected course re-
mains traceable. PostgreSQL and pgvector are used for storage. Texts, embeddings, edges,
scores, feedback, and plans are retained. Complete programmes are separated across data
splits. Thresholds and weights are frozen before testing. Train-only memory is derived from
309 programmes. Repeated texts may still occur across programmes. All memorisation risk
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is therefore not removed. Each programme is represented by level, field, group, goal, out-
comes, and courses. Raw courses include texts, credits, components, semesters, and outcome
links. Canonical courses may reference several source records. Duplicate plan positions are
thereby prevented. Source provenance is preserved. ECTS workload principles are followed
[22]. Computing scope can be checked against CC2020 [23]. Each expert observation includes
an ordinal value. Different programmes may receive different judgements. Ordinal codes
are not treated as validated intervals. Their mean is used only as an engineering summary.
Raw records are normalized before approval. Whitespace, codes, credits, and multilingual
fingerprints are standardized. Candidates are then filtered by level and scope. A dataset
passport is maintained. Checksums, schemas, languages, splits, and limitations are recorded.
Graded judgements are preserved during normalization. Binary collapse is therefore avoided.
A total of 876,842 votes is aggregated. These votes produce 800,793 contextual pairs. The
pairs provide evidence and evaluation targets. Curriculum admission is not determined auto-
matically. Complete programmes remain within single splits. Shared programme vocabulary
cannot cross those boundaries. Validation data are used for thresholds and early stopping.
Test data are scored after those choices are frozen. Training negatives are sampled from un-
linked outcomes. Most negatives receive high lexical overlap. Validation and test subsets each
contain 6,000 rows. Declared and sampled classes are equally represented. Unlinked pairs are
not confirmed expert rejections. Thus, proxy-label discrimination is measured. Direct expert
agreement is not measured. Subgroup stratification is not claimed. Held-out votes are ex-
cluded from train-only memory. The permitted boundary is defined below. Repeated texts
may still cross programme boundaries. Further lineage audits remain necessary. Figure 2
shows evidence formation, normalization, and programme-disjoint data splitting. Table 1
summarizes corpus entities and approved repository counts.

Mval = Mte = f(Dtr), Dtr ∩Dval = Dtr ∩Dte = Dval ∩Dte = ∅. (1)

ypcl =
1

|Epcl|
∑︂

e∈Epcl

e, |Epcl| > 0. (2)

Pa ∩ Pb = ∅, ∀a, b ∈ {tr, val, te}, a ̸= b. (3)

Table 1: EPVO corpus and operational repository.

Dataset entity Count

Educational programmes 12,215
Raw course records 408,638
Raw learning outcomes 124,521
Normalized courses 191,292
Normalized expert links 932,483
Pairs with numerical expert labels 800,793
Approved operational courses 21,525

4 Method

Course and outcome texts are encoded into normalized multilingual vectors. Cosine similarity
provides semantic evidence. BM25 preserves exact professional terminology. Both scores are
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Figure 2: EPVO evidence formation, normalization, and programme-disjoint splitting. Dis-
joint IDs do not alone rule out feature leakage or repeated text across programmes.

combined through hybrid retrieval. A fixed weight of 0.75 is used. Validation selection is not
claimed for that weight. Historical evidence is transferred conservatively. Sufficient outcome
similarity is required. Several votes are aggregated without binary collapse. Model and EPVO
values are displayed separately. Admission requires appropriate level and scope. Outcome
support and professional context are also required. Feasible prerequisite closure must remain
possible. Approved courses receive preference. Bridge modules are used only for unresolved
gaps. Every bridge requires expert confirmation. Semester assignment uses historical evidence
and prerequisite depth. Semantic complexity and semester capacity are also considered. Any
adjustment must preserve load and prerequisite rules. Figure 3 separates model evidence from
transferred historical expert evidence.

ui =
genc(t

course
i )

∥genc(tcoursei )∥2
, vj =

genc(t
outcome
j )

∥genc(toutcome
j )∥2

, ∥genc(tcoursei )∥2, ∥genc(toutcome
j )∥2 > 0.

(4)
Here, tcoursei and toutcome

j denote both texts.

ssemij = u⊤
i vj (5)

rij = a ssemij + (1− a)slexij , 0 ≤ a ≤ 1, slexij ∈ [0, 1]. (6)

pij = logistic

(︃
rij − r0

T

)︃
, T > 0. (7)
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Figure 3: Model and historical evidence channels; neither percentage-formatted model score
nor their fusion is shown to be calibrated probability.

4.1 Auditable Admission and Domain Evidence

Nearest-neighbour retrieval does not guarantee admission. Four binary safeguards are applied.
Level, scope, outcome evidence, and context are checked. Every safeguard must be satisfied.
Deduplication is completed before domain accounting. Evidence from all source records is
aggregated. Exact group evidence receives priority. Direction evidence is used when required.
Dual-domain support can satisfy interdisciplinary quotas. Database order cannot determine
domain assignment. Each course must support at least one outcome. Strong model evidence
can establish a relation. Comparable EPVO evidence can confirm a relation. Weak evidence
cannot satisfy coverage. Protected components receive dedicated outcomes. Professional
evidence is not falsely assigned.

ajl =

⎧⎨⎩
|K(oj) ∩K(l)|
|K(oj) ∪K(l)|

, K(oj) ∪K(l) ̸= ∅,

0, K(oj) ∪K(l) = ∅.

(8)

Here, Hi denotes historical programme–outcome pairs for course i.

eij = max({0} ∪ {ypil ajl : (p, l) ∈ Hi, ajl ≥ amin}) . (9)

Ai = I leveli Iscopei ILOi Icontexti , Iri ∈ {0, 1}, r ∈ {level, scope,LO, context}. (10)

wij = max(pij , eij , fij) , pij , eij , fij ∈ [0, 1]. (11)

4.2 Exact Credits, Bridge Control, and Regulatory Closure

Each approved course is treated as an indivisible credit unit. Original credits cannot be re-
duced or divided. Protected components are inserted first. The remaining professional total
is solved exactly. Dynamic programming is used for credit combinations. Evidence-bearing
combinations receive preference. Synthetic fillers are considered last. Bridges represent new
interdisciplinary content or unresolved outcome gaps. Generic placeholders are not treated
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as disciplines. Three real alternatives are offered during replacement. Their credits, evi-
dence, levels, and prerequisites are exposed. The expert selection is stored. Regulatory clo-
sure depends on mode and level. International plans omit Kazakhstan-specific components.
SCES RK plans receive applicable protected components. Practice, research, and attestation
requirements are retained. Protected items are excluded from replacement and variation.
Figure 4 presents plan construction, verification, and final human approval.

C∗ − d ≤
∑︂
i

cixi ≤ C∗ + d, xi ∈ {0, 1}, ci > 0, d ≥ 0. (12)

For dynamic programming, credits are expressed in a common integer unit.

Di(k) =

{︄
max{Di−1(k), Di−1(k − ci) + qi} , k ≥ ci,

Di−1(k), 0 ≤ k < ci,

D0(0) = 0, D0(k) = −∞ (k > 0).

k ∈ Z≥0, ci ∈ Z>0.

(13)

B(P ) =
∑︂
i

xiI
bridge
i , xi, I

bridge
i ∈ {0, 1}. (14)

Figure 4: Plan construction, post-generation structural checks, and human approval. Shared
implementation assumptions limit the independence of the software checker.

4.3 Knowledge Graph, Semester Repair, and A/B/C Transactions

Course and outcome nodes are represented in the graph. Prerequisites, outcomes, domains,
and semesters are linked. Documented edges are separated from inferred suggestions. In-
ferred edges require expert review. Their precision and recall are not reported.Cycles are
checked after each repair. Ordinary prerequisites must precede dependent courses. Con-
current regulatory activities are classified separately. Acyclic ordering indicates structural
consistency only.Whole-course moves and swaps are used for repair. Hard violations receive
priority. Pedagogical order is addressed afterward. Historical proximity is also considered.
Advanced and foundation courses receive semester safeguards.Alternative plans vary weights
and course selections. A shared regulatory core is preserved. Fingerprints and Jaccard sim-
ilarity measure plan distinction. All alternatives are checked before commitment. Previous
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plans remain intact after failed transactions. Figure 5 distinguishes the four evidence streams
used in evaluation.

G = (VC ∪ VO, Epre ∪ ELO ∪ Esim) (15)

S∑︂
s=1

zis = xi, zis, xi ∈ {0, 1}. (16)

Ls ≤
∑︂
i

cizis ≤ Us, 0 ≤ Ls ≤ Us. (17)

xj = 1 =⇒ xi = 1 and
S∑︂

s=1

s zis + 1 ≤
S∑︂

s=1

s zjs, ∀(i, j) ∈ Epre. (18)

s∗i ∈ argmin
s∈Fi

|s− ti|, Fi ̸= ∅. (19)

Figure 5: Distinct historical evidence streams: frozen pair benchmark, archived selected-
plan engineering exercise, six-programme descriptive pilot, and preliminary qualitative expert
consultation. The 80-plan panel does not show the number of initial attempts or repairs.

Outcome coverage, relevance, diversity, and semester agreement are rewarded. Redun-
dancy and synthetic bridges are penalized. Hard constraints define the feasible set. Utility
cannot compensate for a hard violation. The persisted plan receives post-generation checks.
Credits, loads, prerequisites, levels, and uniqueness are examined. Domains, outcomes, and
protected components are also checked. Every implemented predicate must be satisfied. Inde-
pendent academic judgement is not provided by this check. Binary variables represent course
selection and semester assignment. Each selected course receives one semester. Semester loads
remain within defined limits. Prerequisite order is imposed. Bounded coverage is computed for
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every outcome. Mean coverage cannot replace per-outcome requirements. The objective com-
bines four positive terms. Redundancy and bridge counts are subtracted. Only hard-feasible
plans are compared. Global optimality is not claimed for every branch. Bounded search and
repair are used. Complexity depends on candidate size and credit range. Stored-plan checks
remain deterministic.

Cj(P ) = 1−
∏︂

i:xi=1

(1− wij) , 0 ≤ wij ≤ 1. (20)

Fcov(P ) =
1

m

m∑︂
j=1

min

{︃
Cj(P )

cmin
, 1

}︃
, m ≥ 1, cmin > 0. (21)

U(P ) = w1Fcov(P ) + w2Rel(P ) + w3Div(P ) + w4Sem(P ), w1, . . . , w4 ≥ 0. (22)

P ∗ ∈ argmax
P∈F

{U(P )− w5Red(P )− w6B(P )} , w5, w6 ≥ 0, F ̸= ∅. (23)

V (P ) =

K∏︂
k=1

Ik(P ), Ik(P ) ∈ {0, 1}. (24)

5 Experimental Design

Three evaluation levels are separated. Pair classification is examined first. Shortlist order
is examined second. Complete-plan validity is examined third. ROC-AUC, PR-AUC, and
F1 are reported for classification. Recall@K, MRR, and nDCG@K are reported for retrieval.
Plan checks cover credits, loads, prerequisites, levels, and duplicates. Domains, outcomes,
and protected components are also checked. An archived exercise includes 80 selected plans.
Forty plans are assigned to each mode. A complete attempt ledger is unavailable. Initial
failures and repairs are not fully recorded. Therefore, 80/80 is conditional on selected plans.
A prospective generation rate is not established. Later planner work is kept separate. SCES
RK is established by Kazakhstan’s Order No. 2. The order is dated 20 July 2022. Protected
requirements vary by education level. International mode omits this national block. Profile
measures are therefore reported separately.

5.1 Metrics

Classification and retrieval measures answer different questions. ROC-AUC evaluates pair sep-
aration across thresholds. PR-AUC emphasizes sparse supported relations. F1 evaluates one
frozen threshold. Recall@K measures shortlist coverage. MRR rewards an early first relevant
course. nDCG rewards strong courses near the top. Pair results cannot establish plan valid-
ity. Relevant courses may still produce impossible credit totals. Prerequisite order may also
be reversed. A staged evaluation hierarchy is therefore used. Classification, retrieval, graph
consistency, and plan checks are separated. Qualitative expert review is applied last. The
mode comparison is descriptive. Three different programmes are included per group. Random
regulatory assignment is not used. Protected objects lack ordinary reference semesters. They
are excluded from semester agreement. Planner rules adjust the reference semesters. The
resulting measure is not independent. Educational outcomes are not measured.
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Ap =
1

|Ip|
∑︂
i∈Ip

1
{︁
|si − ˜︁ti| ≤ 1

}︁
, AG =

1

|G|
∑︂
p∈G

Ap, |Ip| > 0, |G| > 0. (25)

Recall@K(q) =
|Rel(q) ∩ TopK(q)|

|Rel(q)|
, |Rel(q)| > 0. (26)

MRR =
1

|Q|
∑︂
q∈Q

RR(q), RR(q) =

{︄
1/rankq, if a relevant item is retrieved,
0, otherwise,

|Q| > 0.

(27)

DCG@K =
K∑︂
r=1

2gr − 1

log2(r + 1)
, gr ≥ 0. (28)

nDCG@K =

⎧⎨⎩
DCG@K

IDCG@K
, IDCG@K > 0,

0, IDCG@K = 0.
(29)

D(A,B) = 1− |A ∩B|
|A ∪B|

, A ∪B ̸= ∅. (30)

6 Results

Three baseline values are reported. ROC-AUC equals 0.7031. PR-AUC equals 0.6946. F1
equals 0.6886. A 40,000-example multilingual checkpoint is evaluated. Programme-disjoint
source data are used. Cosine-similarity loss and seed 42 are documented. Complete optimizer
details are not recovered. A threshold of 0.33737 is selected on validation programmes. The
held-out test contains 114 programmes and 6,000 pairs. Declared and sampled classes are
equally represented. Test ROC-AUC equals 0.7647. Test PR-AUC equals 0.7673. Test F1
equals 0.7209. Precision equals 0.6212. Recall equals 0.8587. Confidence intervals are com-
puted from programme-level resamples. Curriculum quality is not measured by this proxy
task. The clean-v2 memory split is used. Training, validation, and test counts equal 309, 81,
and 65. The test contains 531 LO queries. Candidate pools range from 7 to 66 courses. No
programme-ID overlap is found. Exact texts still recur across splits. Memory is restricted to
training rows. Recall@10 rises from 0.5348 to 0.5657. Recall@20 rises from 0.7476 to 0.7580.
MRR rises from 0.2898 to 0.3740. nDCG@10 rises from 0.3163 to 0.3735. Complete-planner
effects are not established. Repeated-text memorisation is not fully quantified. Other ex-
periments are not pooled. The production model is not replaced. Six programmes are used
for semester comparison. Three programmes are included per mode. Adjusted means equal
86.84% and 81.23%. The difference is descriptive. A causal regulatory effect is not estab-
lished. One negative control is excluded. The pilot is not pooled with historical plans. All 80
selected plans pass archived checks. Every initial request is not represented. The percentage
therefore remains conditional. Curriculum quality is not proved. Later code states are not
combined. Table 2 reports the recoverable checkpoint and benchmark configuration. Table 3
lists programme-level semester agreement for both operating modes. Table 4 compares clas-
sification results across the evaluated model variants. Figure 6 compares raw and adjusted
semester agreement across pilot programmes. Table 5 reports archived structural checks for
the selected plans.
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Table 2: Recoverable configuration and explicit omissions for the archived 40k checkpoint
and frozen classifier rerun. Script defaults are not silently presented as the historical training
invocation.

Item Archived evidence or status

Base model and objective paraphrase-multilingual-mpnet-base-v2; checkpoint card:
CosineSimilarityLoss

Train checkpoint 40,000 examples; exact batch size, learning rate, optimizer, sched-
ule, weight decay, and gradient accumulation of the original invo-
cation not independently recovered

Training-script defaults Seed 42; batch 4; one epoch; learning rate 10−5; maximum 192
tokens; 75% lexically mined proxy negatives (defaults, not proof of
the original invocation)

Validation 109 programmes; 6,000 pairs; F1-selected threshold 0.33737 for this
rerun

Test 114 disjoint programmes; 6,000 pairs; 3,000 declared links and 3,000
sampled unlinked pairs; 2,000 programme-level bootstrap draws

Unreported subgroup detail Per-language, level, and field scores and training-class distributions
beyond the sampler’s one-to-one design were not retained in this
summary

Table 3: Individual descriptive semester-alignment results in the six-programme pilot; ap-
proved EPVO courses with a valid reference semester only.

Mode Project ID Adjusted alignment (%)

International 13 90.91
International 15 83.33
International 16 86.27
SCES RK 19 80.00
SCES RK 136 84.38
SCES RK 137 79.31

Table 4: Course-to-learning-outcome classification.

Model / test ROC-AUC PR-AUC F1 Status

Base multilingual SBERT 0.7031 0.6946 0.6886 baseline
Fine-tuned 40k; frozen
114-programme test

0.7647 [0.7378,
0.7908]

0.7673 [0.7367,
0.7957]

0.7209 [0.7032,
0.7371]

operational

Cached 12k candidate 0.7748 0.7746 0.7268 experimental

6.1 End-to-End Control

The pilot covers classical and interdisciplinary programmes across all education levels. Plans
of 240, 120, and 180 credits are produced. All stored plans pass structural checks. Real EPVO
courses are preferred over generic fillers. Selected cases demonstrate individual safeguards.
However, matched causal ablations are not provided. Separate component effects therefore
cannot be isolated. Alternative plans may share mandatory components. Professional course
selections may differ. Identical alternatives are detected by fingerprints. Universal diversity
is not guaranteed.
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Table 5: Historical author-reported structural checks on 80 selected plans; not a fixed-cohort
generation success rate.

Verifier metric International
mode

SCES RK
mode

Combined

Successful curricula 40 40 80
Internal checker pass among selected
plans

100% 100% 100%

Exact target-credit completion 100% 100% 100%
Minimum LO threshold pass 100% 100% 100%
Mean hard prerequisite violations 0.00 0.00 0.00
Duplicate-course violations 0 0 0
Protected SCES components retained not applicable 100% 100% of applicable

plans

Figure 6: Individual raw and adjusted semester agreement for the six eligible pilot pro-
grammes, plus the separately flagged diagnostic control 135. The visual comparison is de-
scriptive, not a causal estimate.

6.2 Efficiency, Failure Handling, and Explainability

Repeated preprocessing is identified as a major latency source. Cache signatures include
relevant data and configuration. Unchanged results can therefore be reused.EPVO process-
ing decreases from 28.45 to 0.15 seconds. Scoring decreases from 175.38 to 0.16 seconds.
Generation decreases from 320.5 to 138.3 seconds.External AI services are treated as op-
tional assistants. Structured contracts validate every response. Provider failure activates a
deterministic fallback. The verifier is never bypassed. Progress is displayed during long op-
erations.Three evidence values are kept separate. Final strength, model score, and EPVO
evidence are distinguished. These values are not combined. Percentage formatting does
not indicate calibrated probabilities.Course sequences are also listed. No LIME analysis is
claimed. An interdisciplinary plan won’t copy one historical programme. Several comparison
measures are computed. Shared courses, overlap, containment, and recall are reported. High
provenance may arise from several source directions. Therefore, multiple neighbours are dis-
played. The checklist is informed by ABET, OBE, CDIO, and Tuning. Observable outcome,
credit, prerequisite, and domain items are checked. Faculty, facilities, support, and formal
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review are excluded. A perfect score does not establish accreditation [24]-[26]. Both pilot
groups receive a 100% checklist score. Semester agreement remains lower. Neither measure
certifies academic quality. Disagreement is presented for committee review. The Learning
Trajectory view supports visual audit. Courses, relations, outcomes, and progression are dis-
played. Documented, inferred, and semantic relations are distinguished. A no-cycles result is
only structural. Every proposed edge remains open to expert challenge [6], [19]-[21]. Figure 7
displays semester courses, typed relations, and programme outcomes.

Figure 7: Learning Trajectory interface for visual inspection of semester courses, prerequisite
relations, and learning outcomes.

7 Discussion

The results show that regulatory and professional evidence require separate interpretation.
Raw SCES RK provenance accounts for 61.36%. Excluding protected activities raises profile-
course provenance to 100%. Thus, statutory requirements are not treated as retrieval failures.
Higher adjusted agreement is observed for international programmes. However, different pro-
grammes and adjustment rules are involved. A causal programme effect is therefore not
established. Committee review remains necessary. External review supports the practical us-
ability of scoped recommendations. Twenty-eight experts from four institutions assess seven
domain families. Course relevance, semester order, completeness, and readiness are reviewed.
Feedback is generally favourable, with limited manual revision recommended. Selection rea-
sons and course chains remain visible to reviewers. This supports expert correction without
replacing academic judgement. Table 6 summarizes reviewer institutions, counts, and pro-
gramme domains. The system design supports this supervised process through traceable
records and controlled transactions. Courses, outcomes, prerequisites, evidence, and plans
are stored separately. Planning stages and evidence sources remain visible. Experts can con-
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firm, correct, or reject proposed relations. Expert feedback is retained for later model cycles.
Language records and text origins are also preserved. These features improve reproducibility
and support institutional review. However, the available evidence has important limitations.
The 80-plan exercise lacks a complete request denominator. The six-programme pilot lacks
random mode assignment. The checker shares assumptions with the planner. Expert review
lacks common blinded samples. Programme-disjoint splits reduce leakage risk but do not
establish content validity. The reported measures address different system properties. They
should therefore not be combined into a single quality measure. Broad effectiveness claims
are not supported. These limitations define Curriculum-KAG as an academic co-designer.
The system prepares structures and evidence for expert review. It identifies missing cover-
age and inconsistent prerequisites. Bridge modules remain curriculum hypotheses. Synthetic
content is not assigned historical status. Titles, credits, outcomes, prerequisites, and assess-
ments require confirmation. Final academic and legal approval remains institutional. Further
evaluation should provide stronger independent evidence. A frozen catalogue and complete
request ledger are required. Independent structural recomputation should reduce validator
dependence. Harder negatives and graded objectives should be tested. Blind expert studies
should use identical samples and shared rubrics. Temporal and subgroup analyses should
assess transfer across contexts. Prospective programme observation should also assess longer-
term validity. Figures 8 and 9 provide supporting evidence on provenance, expert evidence,
and plan-level explanations.

Table 6: Composition and scope of the preliminary external review.

Institution Experts Review scope

Abylkas Saginov Karaganda
Technical University

20 Engineering and technology programmes

Academy of Public
Administration under the
President of RK

3 Public administration and interdisciplinary pro-
grammes

Karaganda Economic University 3 Management and applied interdisciplinary pro-
grammes

Astana IT University 2 Information technology and digital programmes
Total 28 Different programmes across seven domain families
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Figure 8: Curriculum Plan Builder interface for comparing plan alternatives and inspecting
course-level evidence.

Figure 9: EPVO comparison interface showing programme provenance and expert-evidence
indicators.
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8 Conclusions

In this study the Curriculum-KAG model is developed for interdisciplinary programmes. The
same evidence process is later applied to classical programmes. Bachelor’s, master’s, and
doctoral levels are supported. One or two professional directions can be selected. Interna-
tional and Kazakhstan-regulated modes are provided. Programme type, level, fields, goal,
and outcomes are entered. The state expert corpus is then searched. Approved courses are
proposed. Outcome support is explained. Prerequisite relations are constructed. Credits are
balanced across semesters. One or three alternatives are returned. Retrieval is combined with
structured knowledge. Provenance, expert evidence, and hard rules are retained. Plausible
but invalid lists are therefore rejected. Improved proxy discrimination is reported after adap-
tation. Ranking gains are reported separately. Pilot agreement equals 86.84% and 81.23%.
No causal regulatory effect is established. Selected plans pass archived checks. A prospec-
tive success rate is not established. The application is treated as an academic co-designer.
Search, mapping, and structural checks can be assisted. Prospective staff-time reduction is
not established. Experts must approve consequential academic decisions. Historical results
support supervised institutional pilots. Autonomous readiness and accreditation validity are
not demonstrated.
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