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Abstract

Existing video summarization methods mainly
compress content for gist browsing, but they
often break the prerequisite logic in instruc-
tional videos and induce logical inversions
(e.g., conclusions before premises). We for-
malize this problem as Structure-Pedagogical
Reconstruction (SPR). SPR raises two chal-
lenges: (1) Structure Hallucination, where
retrieved knowledge is topologically valid but
not evidence-grounded by the blackboard; and
(2) Logical Inversion, where soft prompt-
level graph injection fails to enforce prereq-
uisite order during decoding. To address these
challenges, we propose Knowledge-Centric
Video Reconstruction (KCVR), a Plan-then-
Generate neuro-symbolic framework that de-
couples epistemic planning from content gen-
eration. KCVR prunes a Dual-Layer Epis-
temic Graph into a minimal video-supported
plan, then realizes the plan with visually an-
chored attention and topology-constrained de-
coding. We additionally release EduStruct, a
10-discipline benchmark for SPR and structure-
centric evaluation. Experiments show that
KCVR outperforms strong end-to-end base-
lines on Knowledge Progression Consistency
and Learning Objective Coverage. Our code
and data are available at https://github.
com/mark1001-1jj/video_sum.

1 Introduction

Effective summarization of instructional videos is
pivotal for scalable knowledge dissemination and
retention (Ackermans et al., 2025; Xu et al., 2025).
Existing video summarization models are predom-
inantly designed for “gist browsing”, extracting
salient clips from unstructured streams like vlogs
to provide a surface-level overview (Li et al., 2023;
Fu et al., 2025). However, instructional videos
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Figure 1: Failure modes in SPR and our solution.
Static GraphRAG induces structure hallucination and
probabilistic decoding causes logical inversion; KCVR
resolves both via Plan then Generate.

demand Pedagogical Reconstruction: recovering
the instructor’s implicit logical chain (e.g., defi-
nition — theorem — proof) rather than merely
compressing content. Consider a math lecture de-
riving the Arithmetic Sequence Formula: the tran-
script is often filled with deictic references (e.g.,
“from this, we get that”), while the crucial deriva-
tion steps are conveyed only through the spatial
layout of blackboard visuals (Munasinghe et al.,
2023). In such contexts, the challenge is not just
selecting keyframes, but reconstructing a coherent,
prerequisite-consistent knowledge path in which
visual evidence grounds verbal reasoning (Tang
et al., 2025). Formally, we term this task Structure-
Pedagogical Reconstruction (SPR), defined as gen-
erating a single structured summary with an ex-
plicit plan (i.e., an ordered concept trajectory) that
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respects prerequisite order, grounded in blackboard
visual evidence.

While Multimodal Large Language Models
(MLLMs) (He et al., 2024) have demonstrated im-
pressive capabilities in general video comprehen-
sion, applying them to SPR exposes a misalign-
ment between probabilistic decoding and pedagog-
ical topology(Guo et al., 2025; Zhu et al., 2025).
Specifically, classroom blackboards often encode
strict prerequisite-ordered derivations, yet Video
LLMs still yield Logical Inversion errors (Ren
et al., 2024; Zhang et al., 2024), hallucinating con-
clusions before premises. Unlike open-ended video
summarization, SPR demands strict prerequisite-
ordered reasoning grounded in visual evidence
(Netland et al., 2025). Since such reasoning funda-
mentally relies on explicit dependency representa-
tions that exceed the implicit capabilities of proba-
bilistic models, Knowledge Graphs (KGs) emerge
as the natural candidate to provide the necessary
structural prior.

However, effectively integrating KGs into
MLLMs (Liu et al., 2025) for SPR presents a dis-
tinct challenge: it is not merely about retrieving
more knowledge (Liu et al., 2024; Gao et al., 2024),
but about enforcing an explicit structural prior
that is both evidence-grounded and prerequisite-
consistent. Current KG-augmented MLLM
pipelines typically adopt a passive "retrieve-then-
append" paradigm, treating the KG simply as an
external context buffer rather than a logical con-
straint. They directly serialize local KG neighbor-
hoods into the prompt, often ordered by semantic
relevance rather than pedagogical topology. This
semantic-first approach fundamentally misaligns
with the causal nature of SPR: without an active
mechanism to align visual evidence with topologi-
cal rules, MLLMs remain prone to two systematic
failures illustrated in Figure 1: Structure Hallu-
cination from evidence-free retrieval and Logical
Inversion under probabilistic decoding.

RQ1: In SPR, retrieval is not evidence: a KG
neighborhood may be topologically valid yet visu-
ally absent from the blackboard. When GraphRAG-
style retrieval is driven by semantic proximity, the
injected subgraph becomes an over-complete im-
plicit plan and induces Structure Hallucination.
The key question is how to dynamically prune the
graph into a minimal, video-supported prerequisite
path before generation.

RQ2: Even with a correct plan, Logical In-
version can persist because prompt-level graph

injection remains a soft condition during decod-
ing; the model can still “look ahead” and verbal-
ize future nodes before their prerequisites. How
can we enforce step-wise generation to follow the
planned prerequisite order, suppressing future con-
cepts without sacrificing fluency?

To address these two failure modes, we pro-
pose Knowledge-Centric Video Reconstruction
(KCVR), a neuro-symbolic pipeline that separates
evidence-aware planning from topology-aware re-
alization under a “Plan-then-Generate” principle.
First, to align reconstruction with the natural
rhythm of instruction, we parse the video into
canonical pedagogical phases (e.g., Introduction,
Exposition). Then, to mitigate Structure Hallu-
cination, we introduce the Subgraph Generator
Planner (SG-Planner). Unlike static retrieval,
SG-Planner acts as a dynamic filter that employs
Contextual Pruning to actively strip away branches
inconsistent with the current transcript and black-
board frames, synthesizing a precise lesson plan.
Finally, to prevent Logical Inversion, we instanti-
ate a topology-constrained decoding mechanism
with two coupled modules: (1) Knowledge-Guided
Visual Attention (KGVA), which grounds the cur-
rent concept to specific blackboard regions; and
(2) Adaptive Constrained Pedagogical Decoding
(ACP), which modulates the token distribution to
turn the recovered plan from a soft prompt into an
explicit topological prior. This substantially im-
proves prerequisite-consistent progression while
preserving linguistic fluency, effectively curbing
the probabilistic freedom that leads to logical errors.
The main contributions are listed as follows:

¢ We formalize SPR, a new task that shifts the
goal of educational video summarization from
content compression to the recovery of explicit,
prerequisite-consistent knowledge paths.

* We propose KCVR, the first Plan-then-Generate
framework for SPR. By introducing the SG-
Planner for dynamic graph pruning and ACP for
constrained decoding, KCVR effectively miti-
gates logical inversion and structure hallucina-
tion errors inherent in probabilistic MLLMs.

* We release EduStruct, a large-scale multi-
modal benchmark covering 10 disciplines (460+
videos), accompanied by Dual-Layer Epistemic
Graphs that decouple curriculum flow from con-
cept logic to support structure-centric research.
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* We establish a structure-centric evaluation
protocol via Knowledge Progression Consis-
tency (KPC) and Learning Objective Coverage
(LOC). Experiments validate KCVR’s superior-
ity, achieving statistically significant improve-
ments over strong baselines in pedagogical rigor.

2 Related Work

2.1 Video Summarization Paradigms.

Multimodal summarization has evolved from
visual-saliency approaches like DSNet (Zhu et al.,
2021) and SUM-GAN (Apostolidis et al., 2021)
to cross-modal alignment methods.  Recent
works like CLIP-It (Narasimhan et al., 2021)
and MF2Summ (Wang and Zhang, 2025; Hu
et al., 2023) leverage joint embeddings for seman-
tic grounding, while query-focused models like
VideoXum (Lin et al., 2024) introduce textual guid-
ance. However, these paradigms predominantly
treat videos as flat temporal streams, which excel
at spotting visual highlights but cannot model the
rigid prerequisite chains essential for pedagogical
reconstruction (Hua et al., 2025).

2.2 Video LLMs for Long Context.

Video-LLMs have advanced long-form comprehen-
sion. Models like Video-LLaMA?2 (Zhang et al.,
2023) and mPLUG-Owl (Ye et al., 2024) enable
multi-modal perception via instruction tuning. To
handle rich temporal contexts, MovieChat (Song
et al., 2024) introduces sparse memory mecha-
nisms, while Chat-UniVi (Jin et al., 2024) unifies
visual tokens for efficiency. Others, such as Video-
ChatGPT (Maaz et al., 2024) and InternVL (Chen
et al., 2024; Bagheri et al., 2024; Kar et al., 2025),
enhance detailed understanding through large-scale
alignment. Without explicit curriculum constraints,
however, these probabilistic models risk generat-
ing locally plausible but pedagogically misordered
explanations in classroom videos.

2.3 Structure-Aware Generation.

Integrating symbolic constraints into neural gen-
eration is gaining traction. NeuroLogic Decod-
ing (Lu et al., 2021, 2022) and its variants pio-
neered the use of logical predicates to guide beam
search. Recently, GraphRAG (Han et al., 2025)
and GCR (Luo et al., 2025) demonstrated how
retrieving structured subgraphs can ground LLM
reasoning. Other works like JointGT (Ke et al.,
2021; Tu et al., 2024; Huang et al., 2025) explore

structure-aware text generation. While effective
for unimodal text, these methods do not address
multimodal video streams where constraints must
reflect pedagogical precedence across visual-verbal
evidence. In contrast, our KCVR enforces curricu-
lum logic while preserving linguistic fluidity in
educational video reconstruction.

3 Methodology

3.1 Framework Overview & Structural Priors

Figure 2 summarizes KCVR as a latent-plan fac-
torization for SPR. We first segment a lecture into
pedagogical phases via P3, yielding {(T;, I,) })¥, .
Given each phase segment, Stage 1 maps (73, I;, G)
to an ordered, evidence-supported plan P; =
(VSEQ, Es(fl%), 7(9)). Stage 2 realizes P; into a micro-
summary s; by coupling KGVA, which conditions
visual attention on the active concept in 7(), and
ACP, which constrains decoding by suppressing
strictly future concepts in 7(9). Stage 3 fuses
{s;}X¥, under a Global Knowledge Sketch con-
structed from the union of {P;}, to produce
structured lecture notes.

Definition 1: Dual-Layer Epistemic Graph.
We formalize domain knowledge as a dual-layer
epistemic graph G = (V, £) (Appendix B) that de-
couples narrative scope from epistemic precedence.
Nodes are partitioned into curriculum units V4, and
knowledge concepts Vi, corresponding to Teach-
ingPoint and KnowledgeConcept in our schema.
The Curriculum Layer V;;, anchors scope through
structural relations (e.g., PART_OF) and teaching-
sequence relations (e.g., NEXT).

The Concept Layer V. encodes directed depen-
dencies: BASED_ON captures definitional or deriva-
tional precedence, while sparse PREREQ_OF edges
mark high-penalty prerequisite barriers. Cross-
layer alignment uses HAS_CONCEPT edges from
TeachingPoints to KnowledgeConcepts, enabling
scope-constrained candidate filtering followed by
dependency-consistent ordering in planning.

Definition 2: Pedagogical Phase Parsing. We
adopt four canonical pedagogical phases, Introduc-
tion, Exposition, Interaction, and Conclusion. We
implement a Pedagogical Phase Parser (P3) as
a transcript-only sequence labeling model that as-
signs a phase label to each utterance and converts
the labels into temporal boundaries, yielding phase
segments {(7},1;)}, for downstream planning.
At inference time, P3 takes only the raw transcript
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Figure 2: Detailed framework of Knowledge-Centric Video Reconstruction (KCVR). Specifically, Stage 1: SG-
Planner prunes the Dual-Layer Epistemic Graph into an ordered, video-supported plan 7. Stage 2: KGVA grounds
concepts to blackboard regions and ACP performs topology-constrained decoding to generate phase summaries.
Stage 3: GKS fuses micro-summaries into structured lecture notes.

as input and uses no video-specific annotations. To
avoid evaluation leakage, P? is trained and selected
without using any video from the summarization
test split; implementation details and segmentation
statistics are provided in Appendix A.2.

3.2 Stage 1: Pedagogical Structure Planning

Interface. Stage 1 maps a phase segment (7, I') and
graph G to an ordered, evidence-supported plan
P = (Vaub, Esub, 7) for downstream generation.

SG-Planner addresses RQ1 by turning retrieval
into an explicit plan that is minimal and video-
supported. SG-Planner mitigates structure halluci-
nation by pruning visually absent yet topologically
plausible branches before generation.

Inputs and evidence. Given a phase seg-
ment with transcript 7' and sampled frames
I, we construct multimodal evidence E and
compute relevance scores s;(v) and sge(u)
via dense retrieval over node textual fields
(name-+definition). We select the curriculum an-
chor vy, = argmaxyey,, sip(v); mapping rules
are in Appendix A.4.

Pedagogical anchoring and candidate set. The
anchor vy, defines a curriculum scope ®(v;;,) C
Vip via PART_OF and NEXT relations on the Teach-
ingPoint layer. We construct a candidate set by

combining evidence retrieval and local expansion:

Ucana = EXPAND (TOPK (sic), G, h) (1)

where expansion follows BASED_ON edges.
We define curriculum prior C(u)

I[u is linked to ®(v;,) via HAS_CONCEPT].

curriculum-aware pruning. Retrieval relevance
alone does not guarantee visual support, so we
enforce minimality under a curriculum scope prior.
To filter out concepts that are logically relevant
but unsupported by the current video evidence, we
formulate pruning as a budgeted selection problem:

D (ske(w) + A+ C(w))

ues

2
Here, A is a hyperparameter regulating the trade-off
between evidence relevance and curriculum align-
ment. We empirically set A = 0.5 based on vali-
dation performance; a detailed sensitivity analysis
demonstrating robustness across A € [0.1,1.0] is
provided in Figure 8 (Appendix C). This explicit
scoring objective trades off local evidence against
global curriculum scope, offering a deterministic
alternative to opaque neural selection.

=arg max

*
sub Sgucandu"SlSB

Minimum-violation ordering. To prevent plan-
level inversions induced by relevance-ranked seri-
alization, we derive precedence constraints from
BASED_ON edges within V;, and linearize them
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Algorithm 1: SG-Planner: evidence-aware sub-
graph planning

Require: Epistemic graph G, evidence F, budget B, hop h
Ensure: Plan P = (Viw, Esuw, )

1: 3, < arg maxyev,, Sip(v)

2: Ucand < EXPAND(TOPK (s¢), G, h)

3t Vi 4 I MAXSC Uy, [51<B Doyes (She()+AC(u))

4: Bup < {(u,u’) € BASED_ON : u,u’ € Vi }
5: 7 < MINVIOLATIONORDER (Viuy, Esup)
6: return P

with minimal violations. We derive precedence con-
straints from BASED_ON edges within the selected
concept set U, . Let £ denote the set of such
edges. We seek an ordering 7 that minimizes the

weighted violation cost:

7% = arg min E
™

(u,u')EEL

I (u) > ()] - Wy

3)
where w,, ./ assigns penalties to reversing logical
dependencies. Since this ordering problem is NP-
hard (equivalent to the Feedback Arc Set problem
on general graphs), we approximate the solution
via a greedy local search initialized by sj.-based
sorting. This is efficient for small pedagogical
subgraphs (|Ugb| < B) and empirically recov-
ers prerequisite-consistent plans;implementation
details are in Appendix C.

3.3 Stage 2: Knowledge-Guided
Micro-Generation

Given the plan P = (Viub, Fsup, 7), Stage 2 ad-
dresses RQ2 by turning a symbolic trajectory into
step-wise, evidence-grounded text generation. The
key challenge is that plan injection alone is a soft
condition: a Video-LLM may still attend to irrele-
vant regions or verbalize future concepts ahead of
their prerequisites. We thus couple plan-guided per-
ception (KGVA) with plan-constrained decoding
(ACP), aligning visual evidence with the current
concept while suppressing premature look-ahead.

KGVA: Plan-guided visual grounding. KGVA
injects the semantic intent of 7 into the visual en-
coder to resolve deictic and visually implicit teach-
ing cues. We represent the plan as concept em-
beddings C = [ey,,- .-, €u,,|, and insert a gated
cross-attention layer where visual tokens X, serve
as Queries (@) = X, W() and C;; serves as Keys/-
Values (K = C;Wg,V = C;Wy). The visual

features are updated as:

T

X, = X, + a - Softmax (QK

Vd

where « is a zero-initialized gate for stable train-

ing. This plan-guided attention suppresses visual

distractions and amplifies blackboard regions con-

sistent with the active concept; architecture and
visualizations are in Fig. 10 (Appendix D).

) Vi, @

ACP: Adaptive Constrained Pedagogical De-
coding. While KGVA grounds perception, de-
coding must follow the prerequisite order in 7 to
avoid Epistemic Leakage. ACP maintains a concept
pointer k£ and modulates logits z; to promote aliases
of the current concept while inhibiting aliases of
strictly future concepts:

Ze =2+ 0 1am) =7 LF@ay- )

Here, A(y) is the alias set of surface forms of the
current concept mg, and F(msy) = Uy A(m)
collects aliases of strictly future concepts. The
pointer advances when the cumulative probabil-
ity on A(7y,) exceeds a threshold or when explicit
discourse markers (e.g., “Next”) are generated, en-
forcing concept completion before transition.

3.4 Stage 3: Global Knowledge Sketch

Stage 2 produces phase-level micro-summaries, but
pedagogical coherence is a global property: prereq-
uisite chains and learning goals can span multiple
phases. A naive concatenation of {s1,...,sy}
yields Structural Drift, where key teaching points
are omitted or re-ordered across long-range depen-
dencies. To stabilize the macro reconstruction, we
introduce the Global Knowledge Sketch (GKS).
We build a global structural scaffold Kgiobal
by topologically sorting the union of planner-
verified phase plans {PW}N . where P =

(v,

5](ng’ E(i) W(z‘)). Concretely, we construct ’Cglobal

sub’
from the union graph with nodes | J; ngg and de-
pendency edges UZ Es(fi) Because Kgobal is de-
rived from planner-verified nodes and dependen-
cies, it provides an explicit global constraint that is
independent of the generator’s local fluency.
Finally, a structure-aware generator fuses
{s1,...,sn} conditioned on Kgjopa. The gener-
ator performs narrative threading to improve transi-
tions while explicitly instructed to cover the nodes
in Kgjopal, reducing omission and reordering errors
in long-range aggregation. Micro-level evidence
for phase-wise gains is in Appendix A.5.
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4 Experiments

4.1 Experimental Setups

Dataset: The EduStruct Benchmark. To evalu-
ate structure-aware reasoning in high-density peda-
gogical contexts, we introduce EduStruct, a large-
scale benchmark curated from 463 expert-level
classroom videos (/<95h). Distinct from generic
video datasets dominated by visual events, EduS-
truct features Dual-Layer Epistemic Annotation,
hierarchically parsing lessons into 1,852 phase seg-
ments (463 videos x 4 phases) grounded to 9k
knowledge nodes (see Figure 3 for distribution).

To rigorously test generalization, we implement
a Leave-Three-Subjects-Out (L.3SO) protocol:

* Source Domains (Train/Val): 7 subjects (e.g.,
Math, Physics) with explicit structural priors to
learn meta-pedagogical schemas.

* Target Domains (Test): 3 held-out subjects
(History, English, InfoTech) to assess zero-shot
structural transfer.

Crucially, the InfoTech subset serves as an Adver-
sarial Structural Testbed: consisting of live cod-
ing sessions; we evaluate it under a KG-withheld
inference setting to test structure induction from
learned pedagogical priors. It forces the model to
synthesize structure solely from latent pedagogi-
cal patterns learned from source domains, strictly
penalizing "structure hallucination."

KG availability and evaluation-only signals. Un-
der L3SO, History and English are evaluated with
their subject graphs available at inference, while In-
foTech is evaluated in a strict KG-withheld setting
where no external knowledge graph is provided to
the model at test time. For all splits, KPC/LOC are
computed offline using the held-out annotation con-
tract (learning objectives and knowledge points),
which are never exposed as model inputs; this eval-
uation contract remains available even when the
subject KG is withheld at inference (e.g., InfoTech),
and thus does not imply any test-time knowledge
input to the model; details on leakage control are
in Appendix A.3.

Implementation Details. We employ InternVL3-
8B as the primary backbone due to its high-
resolution visual encoding, with VideoLLaMA?2-
7B used to verify model-agnosticism. Crucially,
our main setting does not use explicit OCR, rely-
ing solely on visual grounding (OCR variants are
in Appendix E.4). Detailed hyperparameters (e.g.,

Distribution of Duration and Sample Counts by Discipline

B Introduction MMM Exposition WS Interaction Conclusion —e— Total Clips Count

11

10.4h 10.2n 10.2h 10.0h |2

=]

=]

8z
@
B
5

sdrpD jo ngmnN relor

Total Duration (Hours)

Figure 3: EduStruct dataset statistics. Total duration
per discipline is shown as stacked bars over four ped-
agogical phases (Introduction, Exposition, Interaction,
Conclusion), while the line plot indicates the total num-
ber of clips for each discipline.

pruning budget B = 20) are listed in Table 17 (Ap-
pendix E.4). Statistical significance is assessed via
paired Wilcoxon signed-rank tests; the substantial
effect sizes (Cohen’s d > 0.8 for KPC gains) con-
firm robustness against multiple hypothesis testing
corrections.

Baselines. We compare KCVR against four cate-
gories of baselines to validate each component: (i)
Transcript-only LLM: Qwen2.5-Instructyanscript
assesses the text-only reference without visual or
graph guidance. (ii) End-to-End Video-LLMs:
We evaluate InternVL3 and VideoLLaMA?2 in both
Zero-Shot and SFT settings. (iii) Long-Context
Approach: Long-Context Stuffing concatenates the
full transcript with the same sampled frames as
our main setting (same backbone and frame bud-
get), and truncates the combined prompt to the
model limit (up to 32k tokens) to test whether
raw context length can supersede explicit plan-
ning. (iv) Retrieval-Augmented Generation
(RAG): We compare Text-RAG (retrieved defini-
tions) and GraphRAG (retrieved subgraphs). To
ensure fair comparison, GraphRAG uses a DPR re-
triever capped at Top-K = 20 (matching our plan-
ner’s budget) over the same retrieval corpus and
node textual fields (name+definition) as KCVR,
and injects triples ordered by retrieval scores, lack-
ing the topological linearization of KCVR.

4.2 Metric Validation via Human Correlation

Before reporting main results, we rigorously vali-
date that our proposed graph-based metrics (KPC,
LOC) align with expert judgment. We conducted a
human evaluation on 50 randomly sampled videos
(stratified across subjects and visual information
density), where three expert educators rated sum-
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Input Generation Pedagogical

Method Param

T V KG| R R-2 R-L BS | C-F1 KPC LOC
GPT-4o - v v - ‘ 35.66 12.55 30.81 82.11 ‘ 63.55 5240 50.68
Qwen2.5-Instructianseript 7B Ve - | 3198 9582 1993 8027 | 60.97 4433 4835
InternVL3 (Zero-shot) 8B v v - 3460 10.63 2634 79.62 | 6045 46.69 46.77
VideoLLaMA?2 (Zero-shot) 7B v v - 33.12 1020 2540 79.10 | 59.28 45.17 45.36
InternVL3 (SFT) 8B v v - | 4120 1477 3451 81.54 | 6543 56.52 54.89
VideoLLaMA?2 (SFT) 7B v v - 40.59 1345 3287 80.87 | 64.80 55.28 5341
Long-Context Stuffing 8B v v - | 41.83 15.10 3325 81.96 | 66.25 5745 55.56
MapReduce (no KG) 8B v v - | 40.86 1498 32.10 80.07 | 67.30 54.78 53.69
Text-RAG (Top-K) 8B Ve v | 4196 1565 3366 81.35| 6759 59.82 57.88
GraphRAG (Standard) 8B v v v | 4223 15.80 34.53 82.14 | 68.69 60.55 58.52
VideoLLaMA2 + KCVR* 7B vV v v | 4272 16.04 3422 82.16 | 69.88 66.15 62.00
InternVL3 + KCVR (Ours)* 8B v v v | 43.68 16.68 36.62 83.56 | 70.83 66.79 63.11

Table 1: In-domain results (N=48). T=transcript, V=frames, KG=retrieval corpus; BS=BERTScore x 100. Text-
RAG: Top-K concept definitions; GraphRAG: Top- K subgraphs (score-ordered, no topology-aware linearization).
Macro-avg over 3 seeds; *p < 0.001 vs. the backbone-matched SFT baseline (paired Wilcoxon, video-level).

maries on Pedagogical Coherence and Goal Ful-
fillment (1-5 Likert scale); protocol details are in
Appendix E.2. As shown in Table 2, KPC exhibits
a strong correlation (p = 0.72) with human co-
herence ratings, showing higher correlation than
generic metrics like ROUGE-L (p = 0.41) and
BERTScore (p = 0.48). This supports KPC as a re-
liable automated proxy for pedagogical coherence,
motivating its use as a primary structure metric in
our evaluation.

Auto Metric Human Dimension Spearman p
ROUGE-L Pedagogical Coherence 0.41
BERTScore Pedagogical Coherence 0.48
KPC (Ours) Pedagogical Coherence 0.72**
LOC (Ours) Goal Fulfillment 0.68**

Table 2: Human Correlation Study. KPC shows higher
correlation with pedagogical coherence than ROUGE-L
and BERTScore; LOC correlates with goal fulfillment
(**p < 0.01 for testing p # 0).

4.3 Main Results: In-Domain Evaluation

Table 1 summarizes in-domain results (N=48).

Planning matters beyond long context. Long-
context stuffing improves ROUGE-L (33.25) but
still underperforms on pedagogical structure (KPC
57.45). Our full model reaches 66.79 KPC and
63.11 LOC (p < 0.001), suggesting that prerequi-
site consistency requires explicit structure rather
than more context.

KCVR transfers across backbones. Applying
KCVR to VideoLLaMA2 raises KPC from 55.28

to 66.15 (+10.87) and LOC from 53.41 to 62.00
(+8.59), surpassing even InternVL3 (SFT) on KPC.
This indicates that the gains stem mainly from the
framework components, not the backbone.

Dynamic planning beats static injection. Static
retrieval baselines (Text-RAG/GraphRAG) im-
prove coverage but lack topological ordering. The
Full Model outperforms them by +6.97 and +6.24
KPC respectively, isolating the critical value of the
planner’s trajectory optimization.

Visual input correlates with higher LOC. The
best vision-agnostic baseline (Text-RAG) reaches
57.88 LOC. Structured KGVA boosts this to 63.11
(+5.23), confirming that guided attention effec-
tively unlocks blackboard evidence that text-only
methods miss.

4.4 Out-of-Domain Generalization (L3SO)

We evaluate zero-shot structural transfer on 3 held-
out domains (Table 3), revealing a clear gener-
alization hierarchy. (1) KG-Supported Transfer
(History/English): KPC drops moderately (6.5%—
8.3%) relative to in-domain but consistently outper-
forms SFT, indicating robust adaptation to unseen
topologies. (2) KG-Absent Transfer (InfoTech):
In this adversarial setting without graph access,
SG-Planner relies solely on internalized pedagog-
ical priors (e.g., Code follows Concept). Remark-
ably, the Full Model achieves 59.67 KPC (+10.7
vs. SFT), retaining ~89% of in-domain perfor-
mance. This confirms that KCVR learns transfer-
able pedagogical meta-schemas rather than merely
memorizing triples.
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SFT Full
Subject KPC LOC‘ KPC LOC‘AKPC
In-Domain 56.52 54.89| 66.79 63.11| -
History (w/ KG) 4921 47.65| 61.23 58.04| -8.3%
English (w/KG) 5037 48.72| 62.45 59.28| -6.5%
InfoTech (no KG) 4895 47.12|59.67* 56.92|-10.7%
00D Avg 49.51 47.83| 6112 58.08| -8.5%

Table 3: L3SO Zero-Shot Transfer (N=143 OOD
videos). Train: 7 ID subjects (320 videos). InfoTech
(no KG): no graph at inference. **p < 0.01 vs SFT
(Wilcoxon). Full Model retains about 89% ID KPC on
InfoTech (no KG).

Under KG-withheld inference, Stage 1 keeps the
same planning interface P; = (V;*“*, E5% ;) but
degenerates into a plan-induction mode that does
not access any external subject graph. Concretely,
V;-S“b is instantiated as a fixed-budget ordered list
of normalized concept mentions mined directly
from the segment transcript, rather than Knowl-
edgeConcept IDs; E5“? is left empty when prereq-
uisite edges are unavailable. ACP then operates
on surface-form alias sets derived from the current
mention string and treats 7; as the executable local
order contract. Importantly, KPC and LOC remain
offline evaluation-only signals and are never ex-
posed as model inputs at test time.

4.5 Ablation Study

We conduct progressive ablation on the in-domain
validation set (N=48, Table 4).

Planning Beats Static Retrieval. Text-RAG
(Top-K) yields modest structural gains (KPC:
56.52—59.82, +5.8%), limited by absent trajectory
planning. SG-Planner delivers the largest single-
step jump (+2.28 to 62.10, p < 0.01), validating
contextual pruning as the core enabler of prerequi-
site ordering.

Visual+Constraint Synergy. With the planner
fixed, KGVA-only improves R1 and C-F1 and raises
KPC from 62.10 to 63.22, indicating that plan-
guided visual grounding mainly strengthens evi-
dence alignment. ACP-only yields a larger KPC
gain (62.10—64.43), consistent with its direct
role in suppressing premature look-ahead under
prerequisite-ordered decoding. Combining both
gives the best Stage 2 result (KPC 65.60), suggest-
ing complementary rather than redundant gains.

Global Coherence. GKS fusion attains peak per-
formance (KPC 66.79), contributing 12% while

Variant |PlIn KGVA ACP| R1 C-F1 KPC
InternVL3 (SFT)| - - - |41.20 6543 56.52
+ Text-RAG - - - |41.96 67.59 59.82
+ Planner v - - [42.60 68.40 62.10
+ KGVA only v v - 4296 69.05 63.22
+ ACP only v - v 142.85 69.20 64.43
+ KGVA+ACP v v v’ 43.30 69.80 65.60
Full (w/ GKS) v v v’ 143.68 70.83 66.79

Table 4: Module Contributions (N=48 validation
videos). Largest single-step KPC gain: Planner (+2.28).
With the planner fixed, ACP-only yields the larger
single-module KPC gain, while KGVA+ACP performs
best. p < 0.01 vs. prior (Wilcoxon test).

reducing cross-segment discontinuities, consistent
with its design goal.

Oracle Planning Diagnostic. To quantify error
propagation from Stage 1, we replace the predicted
plan with an oracle plan while keeping Stage 2
(KGVA+ACP) and Stage 3 (GKS) unchanged. On
the in-domain Test ID split, oracle planning im-
proves KPC from 66.79 to 70.20, LOC from 63.11
t0 66.10, and ROUGE-L from 36.62 to 37.05, yield-
ing gains of +3.41, +2.99, and +0.43, respectively.
This gap suggests that residual structural errors are
still dominated by Stage 1 planning quality, while
the downstream generator can realize substantially
better pedagogical structure when the plan is ideal.
Detailed oracle construction and phase-level analy-
ses are deferred to the Appendix.

4.6 Robustness Analysis

We evaluate robustness under ASR Noise (averag-
ing ASR-Drop 30% and ASR-Corrupt 20%) and
a strict Visual-Only setting where models receive
only 8 frames without transcripts. For fairness, all
methods use the same deterministic frame sampling
and caching pipeline under the fixed visual budget.
In the V-only setting, since SG-Planner requires
textual input, we keep the same planning interface
by generating dense visual captions via the frozen
visual encoder to serve as surrogate queries, rather
than bypassing Stage 1 altogether (details in Ap-
pendix A.6).

As shown in Table 5, the Full Model demon-
strates superior stability, degrading by only 7.5%
under transcript perturbations relative to in-domain
performance. Even with visual-only input, it
maintains 55.5 KPC, suggesting that plan-guided
grounding and prerequisite-aware decoding pro-
vide a usable structural prior when textual evidence
is unavailable. Similar trends were observed on
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Method Noise V-only
KPC LOC KPC C-Fl
InternVL3 549 46.0 42.0 50.0
Text-RAG' 578 505 - -
Full Model* 61.9 59.3 555 60.5

Table 5: Robustness. Noise: mean of ASR-Drop (30%)
and ASR-Corrupt (20%). V-only: frames only under the
same fixed visual budget; SG-Planner remains active by
using VLM-generated surrogate queries. *p < 0.001 vs.
InternVL3 (paired Wilcoxon, video-level). T Text-RAG
is not applicable to V-only.

the VideoLLaMA?2 backbone, indicating that the
robustness gain is not tied to a single backbone.

Efficiency Note: The lightweight planner adds
negligible latency (< 5% overhead under the pro-
tocol in Appendix C.1), as end-to-end runtime
is dominated by decoder generation. Additional
stress tests under phase-boundary jitter and local
interleaving perturbations are reported in the Ap-
pendix. For qualitative analysis of logical inversion
correction and attention heatmaps, please refer to
Appendix D.2 and Appendix D.5.

5 Conclusion

In this work, we formalize Structure-Pedagogical
Reconstruction (SPR) to address the persistent is-
sue of logical inversion in end-to-end Video-LLM:s.
We propose KCVR, a neuro-symbolic framework
that strategically decouples evidence-grounded
epistemic planning from topology-constrained re-
alization. By synergizing dynamic graph pruning
with the KGVA-ACP mechanism, KCVR enforces
strict adherence to classroom prerequisite logic,
effectively bridging the gap between perceptual
retrieval and reasoning. Empirical evaluations on
EduStruct substantiate that KCVR not only mit-
igates structural hallucinations but also demon-
strates robust zero-shot transferability to graph-
absent domains (e.g., InfoTech). Our findings sug-
gest that for high-density knowledge scenarios, ex-
plicit structural priors provide a strong and reliable
scaffold for trustworthy and interpretable gener-
ation. Future avenues will explore the joint opti-
mization of planner-generator dynamics and extend
this structure-centric paradigm to other high-stakes
procedural domains, such as medical diagnostics.

Limitations

While KCVR establishes a new baseline for struc-
tured educational summarization, we acknowledge
three limitations that outline directions for future
research.

Dependence on Domain Priors. Our framework
relies on a pre-defined Knowledge Graph (KG) to
guide the SG-Planner. Although our L3SO exper-
iments (Table 3) demonstrate that the model can
generalize to graph-absent domains (e.g., InfoTech)
by internalizing pedagogical meta-schemas, per-
formance still drops by about 10.7% relative to
the in-domain KPC under graph-supported settings
(66.79—59.67 on InfoTech no-KG). This suggests
that while KCVR is robust, it is not yet fully au-
tonomous in "discovering" new knowledge struc-
tures from scratch. Future work could explore Neu-
ral Graph Induction, allowing the model to dy-
namically construct ephemeral KGs from the video
stream itself during inference.

Pipeline Error Propagation. KCVR adopts a
Plan-then-Generate pipeline rather than a fully end-
to-end approach. While this explicit decomposi-
tion effectively prevents logical inversions, it intro-
duces the risk of error propagation—for instance,
if the SG-Planner prunes a critical prerequisite, the
downstream generator cannot recover it. We miti-
gate this via the high-recall design of the planner
(B = 20), but a joint optimization strategy (e.g.,
reinforcing the planner with generator feedback)
remains a promising avenue to bridge the gap be-
tween discrete planning and continuous generation.
An oracle planning diagnostic further shows that
replacing the predicted plan with an oracle plan
improves KPC by +3.41 and LOC by +2.99 under
identical downstream settings, indicating that resid-
ual structural errors are still largely bottlenecked
by Stage 1 planning quality.

Scope of Multimodal Interaction. Our current
KGVA module focuses on grounding "static" visual
evidence (e.g., blackboard formulas, slides) which
is dominant in classroom settings. However, it may
be less effective for highly dynamic, motion-centric
instructional videos (e.g., physical education or lab-
oratory experiments) where the pedagogical logic
is embedded in temporal actions rather than sym-
bolic text. Extending the SPR paradigm to cap-
ture procedural action logic is a vital next step for
broader applicability.
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Ethics Statement

We strictly adhere to the ACL Ethics Policy. This
work involves the collection and computational
analysis of real-world classroom videos, raising
specific ethical considerations regarding privacy,
bias, and potential misuse.

Privacy and Data Protection. The EduStruct
dataset comprises recordings collected from teach-
ing competitions with explicit informed consent
from all participating instructors and institutional
approval from the hosting university’s ethics com-
mittee. Although the videos were originally pub-
lic within the competition scope, we implement a
rigorous De-identification Protocol for research
release (detailed in Appendix A.8). This includes
(1) automated detection and blurring of faces for
both teachers and students, and (2) scrubbing of
Personally Identifiable Information (PII) such as
school names and spoken names from transcripts
and metadata. The released artifacts are strictly lim-
ited to derived features and annotations, preventing
the reconstruction of biometric identities.

Curriculum and Algorithmic Bias. We ac-
knowledge that the Knowledge Graphs (KGs) driv-
ing our system are derived from standardized na-
tional curriculum textbooks. While we perform
canonicalization to abstract away publisher-specific
biases, the graphs may still reflect the pedagogical
sequencing preferences of the source region. How-
ever, since KCVR focuses on extracting structural
logic (e.g., mathematical derivations) rather than
subjective narratives, the core epistemic dependen-
cies remain largely universally applicable. Users
deploying KCVR in humanities subjects should be
aware of potential source-level narrative biases.

Intended Use vs. Misuse. The intended applica-
tion of KCVR is to facilitate post-hoc knowledge
retrieval for students and lesson planning assistance
for educators. We explicitly condemn the use of
this technology for automated surveillance or puni-
tive evaluation of teacher performance (e.g., us-
ing "Logical Inversion" rates to penalize teachers).
The metrics proposed in this work are designed to
evaluate summarization models, not human instruc-
tors. We urge practitioners to prioritize teacher
autonomy and use such tools solely for supportive
scaffolding.
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A Data and Annotation Guidelines

Overview and notation. EduStruct is organized
at two aligned granularities, with a strict contract
that separates model inputs, supervision signals,
and evaluation-only metadata. At the video level,
each lesson provides one macro annotation file
*_global. json, which contains the global struc-
tured summary (summary_edu_gt) and video-level
learning objectives (learning_objectives). At
the phase level, each lesson is segmented into
four pedagogical phases (Introduction, Exposition,
Interaction, Conclusion) and each phase has a
dedicated JSON file containing the phase tran-
script (transcript), the phase target summary
(summary_gt), phase-level learning objectives, and
knowledge_points that are aligned to Knowl-
edgeConcept nodes in the dual-layer epistemic
graph.

Phase boundaries are obtained by a transcript-
only pedagogical phase parser; to prevent leak-
age, phase parsing is trained and selected using
only in-domain training and validation splits, with
constraints enforced at the video-id level. Our ex-
periments follow this hierarchy end-to-end: the
generator is trained and evaluated on phase-level
micro-generation, and macro reconstruction is pro-
duced by fusing four phase summaries with the
Global Knowledge Sketch (GKS), as detailed in
Appendix A.5. To make supervision boundaries ex-
plicit, Appendix A.3 enumerates, for every field in
the released JSONs, whether it is used as model in-
put, as supervision, or as evaluation-only metadata
(e.g., learning objectives and knowledge points for
LOC and KPC computation). All split and leak-
age constraints are enforced at the video-id level,
and an audit script verifies that no video appears
in more than one split; additional annotation con-
sistency checks and the mapping to the dual-layer
epistemic graph are documented in Appendix A.4.

A.1 Inclusion and exclusion criteria

We apply deterministic inclusion and exclusion cri-
teria to ensure that each lesson supports phase-level
supervision and that all methods are evaluated un-
der identical modality budgets and preprocessing.

Inclusion criteria. A lesson video is included
if it satisfies all conditions below: (1) The lesson
admits four pedagogical phases (Introduction, Ex-
position, Interaction, Conclusion) with valid times-
tamps, and each phase has a non-empty transcript.
(2) Each phase annotation contains a phase-level

Video Duration across Subjects and Phases
Biology - 1.6 3.5
Chemistry -

Chinese

Geography- 1.4

Hlstory E

N
wv
Duration (hours)

Physics -
Politics -
Technology
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Figure 4: Phase-level duration profile across subjects.
Heatmap of total video duration (hours) aggregated by
subject (rows) and pedagogical phase (columns: In-
troduction, Exposition, Interaction, Conclusion). This
phase-level distribution characterizes the evidence den-
sity of micro generation and complements the overall
subject distribution shown in Fig. 3.

target summary and at least one learning objective.
Learning objectives are part of the held-out evalua-
tion contract for computing LOC and are not used
as test-time inputs; in the objective-aware variant,
they are used only as training supervision. (3) For
each phase segment, frames can be deterministi-
cally sampled and cached under the fixed visual
budget used throughout the paper (8 frames per
segment). The same sampling policy and caching
pipeline are shared across all methods (including
baselines) to ensure strict modality parity.

Exclusion criteria. We exclude lesson videos
that violate any of the following: (1) Missing au-
dio or severe ASR failure such that one or more
phase transcripts are empty or largely unintelligible.
(2) Annotation incompleteness, including missing
phase targets or missing learning objectives in any
phase. (3) Severe visual corruption (e.g., overex-
posure, extreme blur, or full occlusion) that pre-
vents consistent frame sampling or reliable visually
grounded evidence from blackboard or slide con-
tent. (4) Privacy-sensitive content that cannot be
reliably de-identified under our dataset release pol-
icy.

Reproducibility note. To ensure that all dataset
statistics reported in Appendix A use a sin-
gle source of truth, we export three de-
rived files from the released annotations: (i)
video_stats.csv (video id, subject, duration,
split), (i) phase_stats.csv (video id, phase la-
bel, timestamps, transcript length, objective and
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concept counts), and (iii) subject_stats.csv (ag-
gregated subject-level counts and durations). All
numbers in Fig. 3 and Fig. 4 are computed from
these files using the same script.

A.2 Phase Segmentation Protocol and P>
Implementation

EduStruct uses a fixed four-phase pedagogical pro-
tocol (Introduction, Exposition, Interaction, Con-
clusion) as the atomic unit for micro-supervision.
This section specifies the segmentation contract
and the transcript-only Pedagogical Phase Parser
(P3).

Four-phase contract. The four-phase schema
follows the dominant lesson-plan structure in our
source data and provides a consistent unit for phase-
level targets, learning objectives, and concept align-
ment. We standardize all lessons into this contract
so that each phase yields a segment (75, I;) for
Stage 1 planning and Stage 2 micro-generation.

P3 and inference interface. P3 is a transcript-
only sequence labeling model that assigns one of
four phase labels to each utterance. At inference
time, P> takes only the raw transcript and produces
a phase label sequence; it does not access learning
objectives, gold phase targets, or any test-time an-
notations.

From labels to temporal boundaries. We deter-
ministically convert utterance labels into temporal
segments as follows. Consecutive utterances with
the same predicted phase label are merged into a
maximal contiguous block; each block defines one
phase span. The start time of a phase span is the
timestamp of the first utterance in the block, and
the end time is the timestamp of the last utterance
in the block; the corresponding transcript slice de-
fines T; and frames are sampled within the span to
form I; under the fixed visual budget used in the
main experiments. If a phase label is missing due
to prediction errors, we keep the resulting spans
as-is rather than forcing a hard four-block post-
hoc correction, and rely on downstream robustness
analyses reported in this appendix.

Boundary evaluation. We report boundary qual-
ity on phase transition points derived from utter-
ance labels. Let Bgoq and Byeq be the sets of
gold and predicted boundary timestamps. A pre-
dicted boundary is counted as correct if it can be
matched to an unmatched gold boundary within a

fixed tolerance window 7 seconds using nearest-
neighbor matching; unmatched predicted bound-
aries are false positives and unmatched gold bound-
aries are false negatives. We compute boundary
F1 from the matched boundaries, and report the
median absolute offset (in seconds) over matched
pairs.

Training split and leakage control. P3 is
trained only on Train (ID) and selected using Val
(ID). No video from Test (ID) or any OOD test
subject is used to train or select P3, enforced at the
video-id level. Performance details (Phase Bound-
ary F1=82.3%, median offset=14s), the tolerance
7, and implementation settings are provided in this
appendix.

A.3 Data splits, OOD protocol, and leakage
control

Protocol Definitions We evaluate structural gen-
eralization via a Leave-Three-Subjects-Out (L3S0)
protocol (Table 7).

e In-Domain (ID): 7 STEM and Humanities
subjects used for training and validation.

* KG-Supported OOD (History, English):
Held-out subjects with KGs available at in-
ference. Tests Epistemic Transfer across dis-
tinct knowledge types.

* KG-withheld OOD (InfoTech): A strictly
adversarial setting with NO Knowledge Graph
at inference. Crucially, InfoTech represents a
Double OOD challenge:

1. Structural OOD: The model must infer
structure without graph guidance.

2. Visual-Semantic OOD: While recorded
in the same classroom setting, the vi-
sual focus shifts from Handwritten Black-
board Derivations (typical in ID sub-
jects) to Dense Code Projections and
IDE interfaces. The epistemic logic
also shifts from Declarative Knowledge
to Procedural Logic (e.g., debugging
loops).

This setting rigorously tests whether KCVR
has internalized universal pedagogical meta-
schemas that persist even when the domain
content and visual modality undergo signifi-
cant shifts.
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Split Videos Phase segments Avg seg/video
Train (ID) 224 896 4
Val (ID) 48 192 4
Test (ID) 48 192 4
Test (OOD) 143 572 4
Total 463 1852 4

Table 6: Video-level splits for summarization under the
fixed four-phase protocol.

Subject Role in L3SO KG@Eval
Math ID (Train/Val/Test) v
Chinese ID (Train/Val/Test) v
Physics ID (Train/Val/Test) v
Chemistry  ID (Train/Val/Test) v
Politics ID (Train/Val/Test) v
Biology ID (Train/Val/Test) v
Geography ID (Train/Val/Test) v
History OOD Test v
English OOD Test v
InfoTech OOD Test (KG-withheld) X

Table 7: Subject roles in L3SO and KG availability at
evaluation time.

Key distinction (subject vs. video splits). L35SO
is defined at the subject level: OOD subjects (His-
tory/English/InfoTech) contribute videos only to
Test (OOD). Train (ID), Val (ID), and Test (ID) are
video-level splits drawn from the remaining 7 ID
subjects.

Summarization splits All split constraints are
enforced at the video-id level, and all four phase
segments from the same video stay in the same
split. The overall split statistics under the fixed
four-phase protocol are:

Subject roles and KG availability To make the
L3S0 protocol auditable, Table 7 summarizes each
subject’s role (used for training, validation, test-
ing) and whether its subject knowledge graph is
available at evaluation time. In particular, the three
OOD subjects are excluded from summarization
training and validation, and InfoTech is evaluated
under a no-KG condition.

P3 training and leakage control To prevent
leakage through segmentation, P? is trained only
on Train (ID). All hyperparameter choices and early
stopping for P3 are decided using Val (ID) only.
No video from the summarization test split is used
to train or select P3, including both Test (ID) and
all OOD test subjects, and this constraint is en-
forced at the video-id level.

Evaluation-only signals. Learning objectives
and knowledge points are used only for offline
computation of KPC/LOC and are never exposed
as model inputs; this evaluation contract remains
available even when the subject KG is withheld at
inference (e.g., InfoTech), and thus does not imply
any test-time knowledge injection.

KG-withheld inference interface. Under the
strict KG-withheld setting (InfoTech), Stage
1 keeps the same planning interface P; =
(Vsub E5ub ;) required by Stage 2 and Stage 3,
but degenerates from KG-based subgraph plan-
ning into a plan-induction mode without access-
ing any external subject graph at inference time.
Concretely, Vis”b is instantiated as a fixed-budget
ordered list of normalized concept mentions mined
directly from the segment transcript, rather than
KnowledgeConcept IDs. We apply deterministic
normalization including Unicode canonicalization,
lowercasing, whitespace collapsing, punctuation
normalization, and simple CamelCase splitting,
and keep the same planner budget B = 20. Since
no external prerequisite edges are available, Ef“b
can be left empty in this setting, while 7; serves as
the executable local order contract for downstream
decoding. ACP then operates on surface-form alias
sets derived from the current mention string and
suppresses aliases of strictly future mentions under
m;. This protocol preserves the inference interface
while avoiding any test-time injection of external
prerequisite structure.

A.4 Annotation consistency and quality
control

Annotator Calibration and Audit EduStruct an-
notations are produced by a team with education-
related graduate training, assisted by subject-
specific teaching consultants. All dataset anno-
tators were compensated at rates meeting or ex-
ceeding the local minimum wage. Before full-scale
annotation, annotators complete a calibration stage
on a shared subset to align granularity and termi-
nology, and disagreements are used to update the
written guidelines. During production, each sam-
ple is annotated by two independent annotators. In
addition, we perform a 10% spot-check audit by
a second reviewer, and unresolved cases are esca-
lated to a senior reviewer.

Each video is segmented into four pedagogical
phases, and annotations are provided at both the
segment level and the full-video level. For each seg-
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ment, the dataset includes learning objectives and
knowledge points as structured fields, in addition
to transcript and summaries, enabling phase-aware
evaluation of pedagogical quality. These fields are
used to compute LOC and KPC, and therefore are
verified with an explicit mapping rule to the cur-
riculum graph.

Mapping to TeachingPoint and KnowledgeCon-
cept. EduStruct uses a dual-layer epistemic graph
where TeachingPoint represents curriculum units
and KnowledgeConcept represents atomic terms
and concepts. In our annotation schema, learning
objectives are aligned to the TeachingPoint layer
when they describe a curriculum unit, while knowl-
edge points are aligned primarily to the Knowl-
edgeConcept layer to support dependency-based
evaluation. When a text span matches a Knowl-
edgeConcept name (or its normalized alias), it is
mapped directly to that node; otherwise, it is first
mapped to a TeachingPoint and then expanded
to candidate concepts through HAS_CONCEPT
links, followed by reviewer confirmation. KPC
is computed over prerequisite relations defined on
the KnowledgeConcept layer (e.g., BASED_ON),
while LOC evaluates whether learning objectives
are covered by the generated summary under the
same annotation contract. Aliases are normalized
by Unicode canonicalization, case folding, and
domain-specific symbol normalization (e.g., for-
mula variants), with a subject-specific alias lexicon
released with the KG. For TP-first cases, we ex-
pand to the Top-n KCs under HAS_CONCEPT
(default n = 10) and require the reviewer to select
the best-matching KC or mark it as out-of-scope.

A.5 Phase-Level Micro-Generation and
Evaluation

Micro-segment scale Our generator is trained
and evaluated at the micro level on four peda-
gogical phases (Introduction, Exposition, Interac-
tion, Conclusion), and the macro summary is ob-
tained by fusing phase-wise outputs with the Global
Knowledge Sketch (GKS). Since each video is
deterministically partitioned into four phases, the
number of micro segments equals four times the
number of videos in each split.

Objectives and leakage boundary. Learning ob-
jectives and knowledge points are part of the held-
out annotation contract for evaluation (LOC/KPC)
and are never provided as test-time inputs for the
main model. For the optional objective-aware vari-

Phase Train ID) Val (ID) Test (ID)
Introduction 224 48 48
Exposition 224 48 48
Interaction 224 48 48
Conclusion 224 48 48
Total 896 192 192

Table 8: Micro-segment counts per phase for in-domain
training and evaluation. Counts are computed as videos
x 4 under the fixed four-phase protocol.

Method Phase R-L C-F1 KPC LOC
Introduction 33.8 64.0 58.2 56.1
SET Baseline Exposition 34.6 65.1 574 553

Interaction 329 632 54.6 52.8
Conclusion 34.1 65.0 56.7 55.0

Introduction 34.2 66.5 61.1 59.0
Exposition 349 67.6 60.3 58.2
Interaction 33.4 66.8 57.2 55.7
Conclusion 34.5 67.7 60.0 58.4

Introduction 36.8 70.1 69.0 65.0
Exposition 37.1 71.2 67.5 64.1
Interaction 354 69.4 64.2 60.8
Conclusion 369 70.8 66.5 62.7

Text-RAG (Top-K)

Full Model (Ours)

Table 9: Phase-wise micro-summary results on the in-
domain test split. Interaction is consistently the most
challenging phase due to open-ended Q&A and error
correction, where implicit prerequisites are frequent.

ant (Appendix E.3), we use objectives only as su-
pervision during training; at inference, any objec-
tive signal used for conditioning is self-generated
by the model from the same (T,V) evidence (Chain-
of-Thought), and no gold objectives from the
dataset are exposed.

Phase-wise micro results Table 9 reports phase-
wise micro-summary performance on the in-
domain test split. Compared with macro-only re-
porting, this breakdown validates that the micro
generator learns phase-specific behaviors, and it
also localizes where the gains of planning and vi-
sual grounding originate.

A.6 Noise modeling rationale for robustness
evaluation

Motivation and realism of perturbations Class-
room transcripts obtained from far-field micro-
phones are frequently incomplete or corrupted due
to overlapping student speech, teacher movement,
and domain-specific terminology. To approximate
these failure modes in a controlled manner, we
adopt two transcript perturbations. ASR-Drop ran-
domly removes 30% utterances to simulate miss-
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ing transcript spans, while ASR-Corrupt replaces
20% words using the top-1000 substitution patterns
mined from real ASR logs, reflecting systematic
confusions rather than arbitrary noise. All meth-
ods are evaluated under identical visual budgets
(8 frames per segment) to ensure the robustness
gains are not caused by extra visual context. For
fairness, we pre-generate a perturbed transcript for
each segment with a fixed random seed and reuse
it across all methods. The substitution dictionary
for ASR-Corrupt is mined from a disjoint ASR log
pool and does not use any transcripts from Val/Test
splits.

Visual-Only Implementation Details We eval-
uate transcript-free (V-only) inference to test re-
liance on blackboard evidence. Since the SG-
Planner inherently requires textual queries, in the
V-only setting we keep the same planning inter-
face by generating dense visual captions as surro-
gate queries, rather than bypassing Stage 1 alto-
gether. Implementation: We use the same frozen
visual encoder as the backbone model (e.g., In-
ternVL3) with a prompt such as "Describe the
blackboard content and teacher’s key gestures in
detail." The generated caption (e.g., "The teacher
writes F' = ma on the board...") serves as the sur-
rogate query for the Planner. All methods use the
same deterministic frame sampling and caching
pipeline under the fixed visual budget of 8 frames
per segment, so the V-only comparison does not
introduce extra visual evidence. This keeps the
pipeline operational even without audio and iso-
lates the contribution of plan-guided visual ground-
ing under transcript-free input. Failures in this
setting typically correspond to sparse blackboard
content or occlusion, directly linking performance
to visual evidence quality. We provide the exact
prompt template for this query generation in Ap-
pendix F.

Stress tests under phase perturbation. To
probe robustness beyond transcript corruption, we
further test the pipeline under two controlled per-
turbations of the phase segmentation while keeping
the backbone, decoding settings, and total visual
budget fixed. For boundary jitter, we shift predicted
phase boundaries by £15s before re-running Stage
1 to Stage 3 end-to-end. For local interleaving, we
swap 20 utterances in a small window around the
Exposition-Interaction boundary and reconstruct
phase spans using the same deterministic span-
construction rule. Since these perturbations break

Setting KPC LOC ROUGE-L
Original spans 66.79 63.11 36.62
Boundary jitter (£15s) 65.52 62.06 36.31
Local interleaving 64.87 61.55 36.29

Table 10: Robustness under controlled phase perturba-
tions on Test (ID) macro summaries.

alignment with phase-level targets, we evaluate
only the final macro summary.

A.7 Cross-Disciplinary Structural Diversity

To demonstrate that EduStruct captures the au-
thentic epistemic logic across diverse disciplines,
rather than merely fitting domain-specific heuris-
tics (e.g., mathematical derivations), we present a
qualitative montage in Figure 5. Each panel visual-
izes a micro-segment sample as a structured tuple
(V,T,0,K), comprising:

* Visual Evidence (V): A representative
keyframe (e.g., blackboard formulas, slides)
showing the instructional focus.

* Transcript Snippet (7'): The raw audio tran-
scription, often colloquial and unstructured.

* Learning Objective (O): The pedagogical
intent (e.g., Master the syntax), serving as the
high-level goal.

* Knowledge Point (X): A knowledge point
(KP) aligned to KnowledgeConcept in the
dual-layer epistemic graph, grounding the seg-
ment to a concept-level node (e.g., Loop Con-
trol).

Epistemic Breadth. The montage highlights
three distinct structural typologies covered in
our benchmark: (1) Symbolic Reasoning (Math,
Physics, Chemistry): Heavily reliant on blackboard
derivations and rigorous definitions. (2) Causal &
Contextual Logic (History, Politics, English): Fo-
cused on narrative arcs, historical causality, and lan-
guage contexts. (3) Procedural Logic (InfoTech):
Demonstrated by the Python Loops example, which
requires understanding code execution flow, a key
factor in our OOD adversarial testing.

A.8 Dataset Release & Ethical Considerations

Provenance and consent. EduStruct comprises
463 classroom videos recorded during internal
teaching competitions at a normal university. The
instructors are pre-service or in-service teachers
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OBJ: Master plane
representations.

LIS
Apply Newton's Second
Law. erTors.

KP: Symbolic Representation Newton's Second Law

TRANSCRIPT
"We use Greek letters..."

TRANSCRIPT
"Physics core literac..."

TRANSCRIPT

POLITICS

Recognize nature reserve
functions.

0BJ: Understand the necessity
of CPC's founding.

Nature Reserve Zoning KP: CPC Founding Conditions

TRANSCRIPT
"Discussion on conser..."

TRANSCRIPT
"Analysis of modern C..."

TRANSCRIPT

CHEMISTRY

OBJ: Correct chemical equation

KP: Acidity Test (Acetic Acid)

"Balancing equations ..."

Analyze key growth events
for David.

Symbolism in Novels

"Character and plot a..."

HISTORY

Prepare selective culture OBJ: Define and contextualize
media. the Cold War.

Microbial Isolation KP: US-Soviet Strategy

TRANSCRIPT
"Selective culture me..."

TRANSCRIPT
"The definition of th..."

OBJ: Identify country name Master Python loop syntax
changes. and logic.

KP: Language Contexts Loop Control (Python)

TRANSCRIPT
"Predict: What is in ..."

TRANSCRIPT
"We use the 'for' key..."

Figure 5: Cross-subject qualitative montage. We visualize 10 representative micro-segments from EduStruct.
Note the rigorous distinction between the abstract Knowledge Point (KP, KnowledgeConcept-aligned) and the
concrete Learning Objective (OBJ), as well as the diversity of visual evidence (from chemical equations to Python
code). This structural granularity enables KCVR to distinguish pedagogical intent from surface content.

with at least one year of teaching experience, and
the recordings were originally created for instruc-
tional evaluation and teacher training under insti-
tutional permission. All participants provided ex-
plicit informed consent for research usage, and the
collection and processing pipeline was reviewed
and approved by the host institution’s ethics com-
mittee.

Release scope and boundary. We do not dis-
tribute raw videos in the public release. The re-
leased package is limited to derived annotations
and resources for research reproducibility (phase
boundaries, transcripts, learning objectives, knowl-
edge points, subject graphs, and evaluation scripts),
with de-identification applied to all textual artifacts.
When the corresponding teaching material is al-
ready publicly accessible, we additionally provide
optional public clip indices to facilitate verifica-
tion. These indices only point to pre-existing pub-
lic sources (when available) and do not redistribute
any video content from EduStruct. Raw videos
may be accessed only via a controlled institutional
request process, subject to privacy review.

De-identification protocol. All released artifacts
are de-identified to mitigate privacy risks. For vi-
sual content, we automatically detect and blur/crop
faces, school names or logos, and identifiable sig-
nage. For textual content, we scrub Personal Iden-

tifiable Information (PII) from transcripts and an-
notations, including names of teachers, students,
or schools. Only pedagogical information neces-
sary for structure analysis (e.g., blackboard content
and slide text) is retained, and no identity-bearing
metadata is included in the release package.

B Dual Layer Epistemic Graph and
Schema

Across 10 subjects, the dual-layer epistemic graphs
exhibit a stable scale and composition (Fig. 6).
Each subject contains roughly 100-250 Teaching-
Point (TP) nodes and 600-1000 KnowledgeCon-
cept (KC) nodes, with 2.0k—3.8k typed edges per
subject (1.5k TP, 8.5k KC, 30.5k relations in to-
tal). Relation distributions are consistent with the
intended schema: PART_OF/NEXT form the cur-
riculum backbone on the TP layer, HAS_CONCEPT
and RELATED_TO dominate cross-layer and lat-
eral connectivity, while BASED_ON and the sparse
PREREQ_OF edges provide directed prerequisite
signals exploited by SG-Planner.

B.1 Dual-Layer Epistemic Graph Design

We formally define a subject-specific epistemic
graph as G(*) = (VEQ U VI((%, Eéfl)g U E}?C U ES) ).
Our core design philosophy is to decouple narra-
tive scope from epistemic logic: the TeachingPoint
(TP) layer constrains what is discussed, while the
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Figure 6: Dual-layer epistemic graph statistics across
subjects. Top: TP and KC node counts per sub-
ject. Bottom: edge counts by relation type (PART_OF,
HAS_CONCEPT, BASED_ON, PREREQ_OF, RE-
LATED_TO, NEXT), showing a TP-backbone plus KC
connectivity pattern used by SG-Planner.

KnowledgeConcept (KC) layer governs how con-
cepts are ordered.

Standardization and Canonicalization. To en-
sure that our graph captures universal pedagog-
ical structures rather than overfitting to a spe-
cific textbook version (e.g., regional editions)(Xiao
et al., 2025), we applied a Curriculum-Agnostic
Canonicalization process. Specifically, the Teach-
ingPoint layer is constructed by abstracting the
intersection of curriculum standards from multi-
ple authoritative textbooks. We normalize node
identifiers (e.g., utilizing semantic codes like
tp_math_func_deriv instead of book-specific in-
dices) to remove publisher-specific artifacts. Cru-
cially, the KnowledgeConcept layer encodes sci-
entific axioms and logical dependencies (e.g., Limit
— Derivative) that are invariant across languages
and educational systems. This ensures that the
inferred prerequisites reflect universal epistemic
truth rather than arbitrary curricular sequencing, en-
abling EduStruct to serve as a generalizable bench-
mark for logic-driven instructional summarization.

Curriculum Layer: TeachingPoint (TP). TP
nodes encapsulate the textbook narrative hierarchy.
Relations PART_OF and NEXT jointly define a sta-
ble curriculum backbone. This structure prevents
the planner from drifting into out-of-scope con-

Dual Layer Epistemic Graph

TeachingPoint Layer
(Narrative Structure)

KnowledgeConcept Layer
(Logical Dependency)

Sequences

____ Definition
(Chapter) e an-an1=d

Arithmetic Seq. Nth-term Formula
(Lesson 1) an = a1 + (n-1)s

Sum Formula
Sn = n(a: + an)/2

Sum Formula
(Lesson2)

—— PARTOF (Hierarchical) ~—— NEXT (Sequential) ~—— BASEDON (Prerequisite) ~ == HASCONCEPT (Alignment)

Figure 7. Math Subgraph Topology. Left: TP layer
showing curriculum hierarchy. Right: KC layer showing
epistemic dependencies. Cross-layer alignment enables
scope-constrained planning.

tent by strictly bounding the instructional context
within the parent unit hierarchy.

Epistemic Layer: KnowledgeConcept (KC).
KC nodes represent atomic, reusable concepts.
BASED_ON forms the dense dependency backbone,
capturing fine-grained derivational logic (e.g., Def-
inition — Formula). Complementing this, PRE-
REQ_OF acts as a sparse, high-penalty constraint
marker for critical pedagogical jumps. In our SG-
Planner, BASED_ON provides general precedence
signals, while PREREQ_OF enforces hard topologi-
cal constraints to prevent severe logical inversions.

Cross-Layer Alignment. HAS_CONCEPT edges
bridge the narrative and epistemic layers (£ 4).
This alignment enables a two-step planning mech-
anism: first filtering candidates by TP scope, then
linearizing them via KC dependencies.

Case Study: Arithmetic Sequences (Math).
Figure 7 illustrates this topology. The TP layer
(left) dictates the lesson sequence (“Lesson 1: Def-
inition" — “Lesson 2: Summation"), while the KC
layer (right) enforces the logical derivation (“Def-
inition" ~222=% “Nth-term Formula" —2222=2%
“Sum Formula"). The SG-Planner leverages this
dual structure to retrieve scope-constrained prereq-

uisites.

B.2 Universal Node and Relation Schema

To facilitate cross-disciplinary and cross-
curriculum alignment, all subject graphs adhere
to a unified schema definition (Table 11). This
standardization ensures that the SG-Planner allows
the KCVR framework to operate agnostically
across domains and educational standards (e.g.,
K-12 vs. International Baccalaureate).
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Element Semantics and Structural
Constraints

Node Types

TeachingPoint (TP) Represents Narrative Units (e.g.,

Chapter, Lesson).
Constraints: Strict hierarchy
(level € {1, 2, 3}); unique ID
per subject. Serves as the
curriculum anchor.
KnowledgeConcept (KC) Represents Epistemic Atoms
(e.g., Theorems, Terms).
Constraints: Must contain a
non-empty textual definition
for embedding injection.

Edge Types
PART_OF (TP—TP) Hierarchical containment
(Chapter D Section).
Constraint:

levelsiart < levelena.
Enforces tree structure.
Pedagogical sequence within a
parent unit.

Constraint: Typically
intra-sibling links only.
HAS_CONCEPT (TP—KC) Cross-layer alignment bridge.
Constraint: Many-to-many
allowed; enables
scope-constrained retrieval.
Dense dependency backbone
(Derivational/Definitional).
Constraint: Strictly acyclic
(DAG) for STEM subjects.
Sparse, high-penalty
prerequisite marker.
Constraint: No self-loops;
defines hard ordering barriers.

NEXT (TP—TP)

BASED_ON (KC—KC)

PREREQ_OF (KC—KC)

Table 11: Universal schema definition shared across all
10 subjects. The separation of TP (Narrative) and KC
(Epistemic) layers is the architectural foundation of our
KCVR framework.

B.3 Graph Quality Assurance Checklist

We enforce rigorous quality control to ensure topo-
logical validity. Table 12 details the automated
audit protocols applied to each subject graph be-
fore deployment.

C SG-Planner Details and Planner-Level
Evidence

This appendix provides controlled evidence for
SG-Planner’s internal validity, addressing three
questions: (i) sensitivity to pruning budget B, (ii)
the isolated effect of minimum-violation order-
ing, and (iii) correlation between planner metrics
and downstream KPC/LOC. The planner outputs
P = (Vsub, Esup, ) for each segment, where Vi,
is the budgeted concept set, E,; the induced edges,
and 7 the topological traversal path.

Audit Metric Validation Protocol & Pass Criteria

ID Uniqueness Global uniqueness verification across
node sets.

Pass: |V| = |unique(IDs)|.

Cycle detection on BASED_ON edges.
Pass: No cycles in STEM; minimal
feedback loops (< 1%) in Humanities
(resolved by Min-Violation Ordering
during planning).

Tree validity check for PART_OF
relations.

Pass: Max in-degree < 1; strictly
increasing level depth.

Coverage analysis of HAS_CONCEPT
edges.

Pass: > 80% of leaf TPs have > 1
aligned KC.

Null-value audit for textual
descriptions.

Pass: 0% missing definitions; avg.
length > 20 chars.

Partition integrity check.

Pass: No cross-subject edges; graphs
are strictly disjoint components.

DAG Topology

Hierarchy Check

Concept Alignment

Metadata Integrity

Subject Isolation

Table 12: Automated graph quality checklist. All 10
subject graphs passed these validations.

C.1 SG-Planner Configuration

SG-Planner uses expansion hop A = 2 and prun-
ing budget B = 20 (main setting), fixed before
evaluation. Evidence scores sy, sy are computed
via dense retrieval (embeddings of name/definition)
against the phase transcript. Note that OCR tokens
are used only in the specific OCR-analysis setting
(Appendix E.4); the main setting relies solely on
transcript and KGVA for grounding.

The curriculum anchor v;, defines the local
scope ¢ via PART_OF/NEXT edges. The candidate
set Ugqngq 18 built by h-hop expansion from top- K
concepts by s (primarily along BASED_ON). Prun-
ing selects Vi, by maximizing sg.(u) + A - C(u),
where C(u) is the curriculum prior derived from
HAS_CONCEPT edges (soft bias A\ favors in-scope
concepts).

Efficiency note. With B < 20 and a greedy
adjacent-swap local search, the ordering step runs
in O(B?-|E;}|) per segment in practice. Under this
fixed configuration, the planner contributes < 5%
end-to-end latency overhead under the measure-
ment protocol referenced in Sec. 4.6. End-to-end
runtime is dominated by decoder generation, which
explains the small planner ratio despite explicit re-
trieval, pruning, and ordering.
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Figure 8: Budget sensitivity of SG-Planner. Plan-

Recall@20 (left axis) and NEXT violation rate (right
axis) vs. B. Shaded region: stability plateau. Main
setting B = 20 (dashed line).

C.2 Budget Sensitivity Analysis

Figure 8 shows the trade-off between coverage
(Plan-Recall@20) and coherence (NEXT viola-
tion) as B varies. A stable plateau emerges for
B € [20,25], where Plan-Recall@20 nears satu-
ration (= 83.7%) while NEXT violations remain
minimal (= 4.1%). The BASED_ON violation rate is
consistently low (< 4.5%) across this range. We
select B = 20 as it lies at this plateau’s elbow
without over-tuning for any single metric.

C.3 Isolating the Effect of
Minimum-Violation Ordering

To disentangle ordering from node selection, we
fix Vgup (B = 20) and compare: (i) Init: sorting by
descending relevance score S, and (ii) Refined:
applying greedy local swaps (Alg. 1) to minimize
violations. Specifically, we initialize 7 by descend-
ing Sg., then iteratively perform adjacent swaps
that reduce the violation cost ) _ w,, ./, terminating
when no local improvement is possible.

Figure 9 visually isolates this effect. The ini-
tial score-based ranking results in a tangled de-
pendency graph with frequent logical inversions
(red arcs in Fig. 9a), as retrieval scores often bias
towards high-frequency terms like "Summation"
over prerequisites like "Definition". In contrast, our
refined ordering untangles these dependencies, lin-
earizing the pedagogical flow (blue arcs in Fig. 9b).
Quantitatively, this process reduces total violations
from 11.2% to 8.4% (identical Vi), with the
strongest gain in NEXT edges (local teaching se-
quence: —42%), confirming that ordering recovers
pedagogical linearity beyond relevance ranking.

(a) Before: Retrieval-Score Sorting (High Violation)

Violation Rate: 66.7%

(b) After: Min-Violation Ordering (Linearized)

Violation Rate: 0.0%

Figure 9: Visualization of the minimum-violation or-
dering effect. (a) Before: Sorting concepts solely by
retrieval relevance scores results in a tangled depen-
dency graph with frequent logical inversions. (b) After:
SG-Planner’s greedy ordering linearizes the pedagogical
flow, reducing the violation rate for this segment from
50.0% to 0.0%, strictly adhering to epistemic prece-
dence.

C.4 Comparison vs. Static Top-K Retrieval

Table 13 compares full SG-Planner against static
Top-K retrieval. SG-Planner achieves higher recall
(+4.6% @20) via expansion/pruning, and substan-
tially lower violations (-3.7% total) via contextual
filtering and ordering.

Method Plan-Recall@K (%) Violation Rate (%)
@10 @15 @20 \Total NEXT BASED_ON

Static Top-K 68.4 74.2  79.1 12.1 7.2 49

SG-Planner 72.1 78.5  83.7 84 4.1 4.3

Table 13: Planner-level metrics (macro-average). Plan-
Recall@K and precedence violation rates.

C.5 Correlation with Downstream Metrics &
Failure Modes

On the validation set (N=192 micro-segments
from 48 videos), Plan-Recall @20 positively cor-
relates with KPC (p = 0.62,p < 0.01), while Vio-
lation Rate negatively correlates (p = —0.48,p <
0.01). This validates planner metrics as predictive
proxies for pedagogical fidelity.

Failure Modes: SG-Planner fails on highly deic-
tic transcripts (e.g., “from this...”) yielding under-
specified Vi, or noisy graph edges forcing trade-
offs between evidence and structure. Downstream
KGVA can improve evidence grounding and ACP
can better enforce the planned order, but neither
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module can recover prerequisite nodes that are ab-
sent from the plan.

C.6 Oracle Planning Diagnostic

To quantify error propagation from Stage 1 and es-
timate the upper bound of downstream generation
under ideal plans, we replace the predicted plan
Py = (V#ub E5ub ;) with an oracle plan while
keeping Stage 2 (KGVA+ACP), Stage 3 (GKS),
the backbone, frame budget, and decoding settings
unchanged. For each phase segment, the oracle
node set uses the gold knowledge-point concept
set aligned to KnowledgeConcept nodes, the oracle
edge set uses the induced prerequisite subgraph
from the KnowledgeConcept layer, and the oracle
order is obtained with the same minimum-violation
ordering routine as SG-Planner. This oracle uses
evaluation-only annotations as a diagnostic anal-
ysis only, and is not used for model selection or
standard inference.

On the in-domain Test ID split, oracle planning
improves KPC from 66.79 to 70.20, LOC from
63.11 to 66.10, and ROUGE-L from 36.62 to 37.05,
corresponding to gains of +3.41, +2.99, and +0.43,
respectively. This gap is consistent with the planner
diagnostics in Appendix C.5, indicating that resid-
ual structural errors are still largely bottlenecked
by Stage 1 planning quality.

D Implementation Details and
Qualitative Evidence

This appendix addresses two reviewer concerns: (i)
whether KGVA meaningfully leverages visual ev-
idence beyond text conditioning, and (ii) whether
ACP’s constraints harm linguistic fluency. We pro-
vide implementation details, attention visualiza-
tions, and controlled ablations.

D.1 KGVA Architecture

KGVA inserts a gated cross-attention layer into
the visual encoder (e.g., InternVL3 or VideoL-
LaMAZ2) after frame-level pooling and before
global fusion. The visual backbone remains frozen
during training. Given the plan-derived concept se-
quence C = TextEnc({name(v)|v € 7}), visual
tokens are updated as:

KT
X, = X, + a - Softmax <Q> V,
Vd

where Q = X,Wq, K = C:Wk, V = C:Wy,
and « is a zero-initialized gate for stable training.

Concept tokens use frozen BGE-M3 embeddings
(name-+definition concatenation), matching the en-
coder used in the retrieval stage to ensure semantic
alignment between planning and grounding spaces.

D.2 Visualizing Dynamic Grounding (KGVA)

Does KGVA truly follow the pedagogical plan?
Figure 10 visualizes the temporal attention dy-
namics over three distinct timesteps of a math les-
son.

* Baseline (Top Row): Exhibits Visual Bias
(fixating on the instructor’s face in T1) and
Visual Inertia (failing to shift focus in T2/T3),
leading to hallucinated content.

* Ours (Bottom Row): Guided by the SG-
Planner, KGVA dynamically shifts its hard
attention mask from the Definition (T1) to
the Formula (T2) and finally to the Example
(T3).

This strictly aligns the visual encoder with the epis-
temic progression, proving that the Plan acts as a
cognitive control signal for the visual encoder.

How bounding boxes are computed. For each
timestep, we aggregate the cross-attention weights
from the concept tokens to visual patch tokens (av-
eraged over heads and layers used by KGVA), re-
shape them into a 2D spatial map, min-max normal-
ize, then threshold the top-p mass (we use p=15%)
to obtain a binary mask; the cyan box is the axis-
aligned bounding rectangle of the largest connected
component in this mask.

D.3 Vision Sensitivity Ablation

To quantify the reliance on visual information, we
conducted a masking ablation (Figure 11). Mask-
ing the blackboard region causes a sharp perfor-
mance drop in KCVR (AKPC = —12.4), whereas
the baseline is less affected (AKPC = —8.1). This
indicates that our model genuinely “reads” the
blackboard rather than relying solely on language
priors.

D.4 ACP Implementation Details

ACP (Adaptive Constrained Pedagogical Decod-
ing) operates on the SG-Planner path m =
(c1,.--,¢)r) and maintains a concept pointer k
indicating the current planned concept ci. At each
decoding step ¢, the token logits are modulated as

z; =z+0- 1A(Ck) - 1F(7r>k-)’
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Figure D1: Dynamic Attention across Time (Baseline vs KGVA)
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Figure 10: Visualization of Plan-Guided Dynamic Grounding. We compare the baseline (Top) vs. KGVA
(Bottom) across three teaching phases. Top Row: The baseline suffers from visual bias (focusing on the face)
and inertia. Bottom Row: KGVA creates attention-derived bounding boxes that track the pedagogical plan: (T1)
Definition — (T2) Formula — (T3) Example. This pattern is consistent across our randomly sampled analysis set,
where KGVA attention mass on blackboard regions is on average 2.4x higher than the baseline’s attention.
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Figure 11: Vision sensitivity ablation (on InternVL3
backbone). Masking board formulas hurts KPC signif-
icantly more for KCVR, confirming its strong depen-
dency on visual evidence.

where A(cy) denotes the alias set of surface forms
associated with ¢, and F'(7~y) collects aliases for
strictly future concepts {cg41, ... }. The pointer
advances to k + 1 once the cumulative probabil-
ity mass assigned to A(cj) exceeds a confidence
threshold 7 = 0.7, effectively implementing a soft
notion of “concept completion.”

Triggering transition. Note that we do not force-
insert discourse markers; instead, we monitor the
generated tokens for a predefined set of transition
keywords (e.g., 'Next’, "Then’, *Therefore’) that
naturally emerge from the LLM’s language model,
using them as soft triggers to update the pointer
state alongside the probability threshold.

Table 14 shows that moderate constraint strength
(v = 0.3) achieves the best trade-off: KPC in-
creases by +4.2 points over the Planner-only variant
while ROUGE-L remains essentially unchanged.

Constraint y KPC AKPC R-L AR-L
w/o ACP (0.0) 62.1 - 36.2 -
Weak (0.1) 64.5 +24 364 +0.2
Moderate (0.3) 66.3 +4.2 36.1 -0.1
Strong (0.5) 67.1 +5.0 354 08

Table 14: Effect of constraint strength « on in-domain
validation. Moderate constraints deliver substantial
structural gains (KPC) without degrading fluency (R-L).

Per-module attribution. To isolate the respec-
tive contributions of KGVA and ACP under the
same Planner path, we further evaluate three con-
trolled variants on the in-domain validation set (48
videos, 192 phase segments), keeping all settings
fixed except the Stage 2 module choice. KGVA
provides plan-guided visual grounding, while ACP
enforces topology-consistent realization by sup-
pressing aliases of strictly future concepts during
decoding. Table 15 shows that KGVA-only im-
proves content fidelity and yields a modest KPC
gain, whereas ACP-only delivers a larger struc-
tural gain by more directly reducing premature
look-ahead. The combined setting performs best,
indicating complementary rather than redundant
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effects.

Variant R-1 C-F1 KPC
Planner only 42.60 6840 62.10
KGVAonly 4296 69.05 63.22
ACP only 42.85 69.20 6443
KGVA+ACP 4330 69.80 65.60

Table 15: Per-module attribution with the Planner fixed
on the in-domain validation set. KGVA-only improves
R-1/C-F1 and raises KPC by +1.12 over Planner only,
while ACP-only yields a larger KPC gain of +2.33.
Combining both gives the best overall Stage 2 result.

D.5 Qualitative Case Study: Logical
Correction

To illustrate how KCVR corrects Logical Inver-
sion in practice, Table 16 contrasts a representative
micro-segment from the Arithmetic Sequences les-
son. Both models have access to the same retrieval
set and recover the correct terms, but they differ in
how these pieces are ordered.

E Metric Definitions and Validation

This appendix provides formal definitions for our
structure-aware evaluation metrics, along with im-
plementation details and validation protocols to
ensure reproducibility and alignment with human
judgment (see E.2).

E.1 Metric Definitions

Knowledge Progression Consistency (KPC)
KPC quantifies topological fidelity by measuring
prerequisite violations in the generated summary
S. Let Cg = {c1,ca,...,cn} be the ordered se-
quence of concepts extracted from .S via the Con-
cept Trigger Layer (CTL). Let G = (V, E) denote
the ground-truth epistemic graph.

A violation occurs when a concept c; precedes
¢; despite (¢;, ¢;) € E™, where E' is the transitive
closure of prerequisite edges (primarily BASED_ON
and PREREQ_OF). KPC is defined as:

[Vere(5)]

KP =1-
CE) =1 pCg) n B T ¢

(6)

where Ver (S) = {(¢j,¢i) | i < jA(ci,¢;) € ET}
and P(Cly) is the set of all ordered pairs in Cs.

Edge Cases and Micro-Averaging. If |P(Cg) N
E*| = 0 (no comparable prerequisite pairs),
the sample is marked non-evaluable for macro-
averaging. For stable aggregation across the test

set, we report the micro-averaged form:

ZS ‘Verr(S)‘

KPC=1-— )
Y slP(Cs)NEt|+€

(N

The ¢ = 10~* term prevents division-by-zero. This
micro-averaged formulation is robust to sparse
graphs, ensuring that segments with fewer prereq-
uisites do not disproportionately skew the metric
(unlike macro-averaging). All KPC results in the
paper use this formulation.

Learning Objective Coverage (LOC) LOC
evaluates semantic alignment with ground-truth
learning objectives Oy across multilingual sub-
jects. For each objective o; € Oy, we compute:

1
LOC = W g I [max NLIentit(s, 0:) > 71,
gt i

SESsent
3)
where NLIp.i1 1S the entailment score from a mul-
tilingual model (mDeBERTa-v3-base-mnli-xnli).
The threshold 7 = 0.7 is calibrated on the valida-
tion set and held fixed across all subjects.

E.2

To ensure the rigor and reproducibility of the cor-
relation results reported in Section 4.2, we imple-
mented a strict Double-Blind Evaluation Proto-
col.

Human Evaluation Protocol Details

Annotator Demographics & Qualification. We
recruited three independent evaluators, all of whom
are graduate-level researchers with a minimum of
two years of teaching assistant experience in STEM
or Humanities disciplines. To mitigate potential
bias, all annotators were strictly blinded to the
model sources (Ours vs. Baselines vs. GPT-40) and
the specific research hypotheses. All evaluators
were compensated at a rate commensurate with
standard graduate research assistant stipends
at the host institution, which exceeds the local
minimum wage.

Sampling Stratification. The evaluation set com-
prises 50 randomly sampled videos, stratified to
guarantee coverage across both domain and com-
plexity dimensions. Specifically, we balanced the
dataset between In-Domain (Math/Physics) and
Out-of-Domain (History/InfoTech) subjects (25
videos each). Furthermore, to rigorously test the
model’s visual grounding capabilities, we stratified
samples by Visual Information Density, select-
ing half from "High-Entropy" segments character-
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Baseline: Text-RAG (High Retrieval, Low Logic)

Ours: KCVR (Planner-Constrained)

[Logical Inversion] The general term formula is a,, = a1 +

(n — 1)d. ... Then the teacher explains that d is called the
common difference...

[Correct Flow] The teacher first introduces the definition
of an arithmetic sequence and the common difference d.
Based on this, the teacher derives the general term formula
an = a1+ (n—1)d.

Critique: Presents the formula before defining its variables,

violating the prerequisite chain.

Critique: Follows the SG-Planner path Definition — d —
Formula, respecting epistemic precedence.

Table 16: Case study on an arithmetic-sequence segment. KCVR corrects the logical inversion observed in Text-
RAG by enforcing the planner-derived concept order, yielding a definition—component—formula progression that

aligns with expert pedagogy.
INPUT LAYER (Noise Injection)

(a) Visual Evidence (Ground Truth)

Subjunctive Mood

e.g., If I were...

(b) ASR Transcript (Corrupted)

Q

Teacher: Today we discuss thood...

[Phonetic Error: /sab'd3ank-/ - /sab'dzek-/]

MODEL OUTPUT

Baseline (Text-RAG)

Summary: The teacher introduces the
concept of ‘subjective mood', relating it

to personal opinions... =
\—\a\\uc'mat\on

KGVA Grounding
(Visual Attention)

Ours (KCVR)

Summary: The teacher discusses the
Subjunctive Mood (highlighted on
board), used for hypothetical situations.

!

Figure 12: Qualitative Analysis of Visual Grounding. In this English Grammar case, the baseline hallucinates
"Subjective" due to ASR corruption. In contrast, KCVR anchors to blackboard evidence ("Subjunctive") to rectify
the error, validating the robustness gains reported in Table 5.

ized by dense blackboard derivations and half from
"Low-Entropy" talking-head scenarios.

Evaluation Criteria. Annotators assessed each
summary on a 5-point Likert scale across two
primary dimensions. Pedagogical Coherence
measures the logical validity of the narrative
flow. A score of 5 (Perfect) indicates a rigorous
prerequisite-consequence chain matching expert
pedagogy; a score of 3 (Acceptable) denotes mi-
nor reordering that does not disrupt understand-
ing; while a score of 1 (Severe Inversion) is as-
signed when conclusions prematurely precede their
premises, causing significant cognitive dissonance.
Goal Fulfillment evaluates the extent to which the
summary addresses the ground-truth learning ob-
jectives. A score of 5 (Full Coverage) implies all
key objectives are explicitly synthesized, whereas
a score of 1 (Missed) indicates a failure to capture

the primary pedagogical intent of the segment.

Agreement Analysis. To validate annotation reli-
ability, we computed Fleiss’ Kappa (k) on the sam-
pled subset. The agreement scores were x = 0.68
for Pedagogical Coherence and x = 0.74 for
Goal Fulfillment, indicating substantial agreement
among the expert evaluators. Disagreements in the
final reported score were resolved by majority vote.

E.3 Robustness Case Study: The
""Subjunctive' Error

While Appendix A.6 details our noise modeling,
Figure 12 presents a concrete English grammar
example. The ASR system misinterprets the pho-
netically similar keyword "Subjunctive" as "Subjec-
tive" (a common domain-shift error). Text-RAG,
relying solely on the corrupt transcript, hallucinates
a summary about "Subjective Opinions." KCVR,
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Parameter

‘ Value

Architectures (Full Model)

Primary backbone
Secondary backbone

InternVL3-8B (frozen visual tower; 448px inputs)
VideoLLaMAZ2-7B (frozen visual tower; used for ablation)

Trainable components | KGVA modules + language-side adapters (LoRA r=32, a=64)

Text encoder

BGE-m3 (frozen; for concept embedding)

Architectures (Baselines)
Transcript-only LLM ‘ Qwen2.5-Instruct (used only for Qwen2.5-Instructyanscript baseline)

SG-Planner (Algorithm 1)

Seed retrieval Top-K concepts by sg., K = 20

Expansion hops h=2

Pruning budget B = 20 nodes

Curriculum bias A 0.5 (Selected on Val (ID); frozen for Test)

Violation weights w, |[1.0, 5.0] for [BASED_ON, PREREQ_OF] (Selected on Val (ID))
Training

Global Batch Size 128

Learning Rate 2¢~% (Cosine decay, 3% warmup)

Optimizer AdamW (DeepSpeed ZeRO-3)

Epochs 3 (Micro-SFT), 5 (Macro-SFT)

Inference

Frames 8 frames/segment (Uniform Sampling)

OCR Channel Disabled (Main Setting); Enabled only for Appendix Analysis
Decoding Beam Search (beam=3), yacp = 0.3, Tacp = 0.7

Table 17: Hyperparameters for training and inference. This configuration is shared across both InternVL3 and
VideoLLaMA?2 backbones to ensure a fair comparison of structural reasoning capabilities.

guided by the SG-Planner and KGVA, grounds the
query to the blackboard text "Subjunctive Mood"
(visual evidence), demonstrating KGVA’s capabil-
ity to anchor generation to visual evidence when
audio is ambiguous. While not immune to all noise,
this mechanism explains the superior stability ob-
served in Table 5.

E.4 Hyperparameters & Reproducibility

Table 17 lists the detailed configuration used to pro-
duce the main results. InternVL3-8B serves as the
primary multimodal backbone. Note that for the
VideoLLaMA2 ablation reported in Table 1, we
employed the identical hyperparameter set (in-
cluding LoRA rank, learning rate, and planner
budget) to verify framework robustness without
model-specific tuning. All planner hyperparame-
ters are fixed before evaluation and are not tuned
on the test set.

F Prompt Templates

This appendix presents the specific instructions
used to align the Large Language Model with
our neuro-symbolic modules. We employ a
"Constraint-Injection” strategy, ensuring that the
symbolic logic from the Knowledge Graph explic-
itly governs the neural generation process.

SG-Planner: Topological Constraint Injection.
The SG-Planner instruction (Box F.1) is designed
to penalize Logical Inversion. Crucially, we do not
merely ask the model to sort concepts; we inject
the sub-graph’s dependency edges as explicit rules.
The prompt mandates a "Constraint Citation" mech-
anism, requiring the model to explicitly reference
which prerequisite rule dictates the current ordering.
Implementation Note: The {OCR_TOKENS} field is
populated only in the OCR-Analysis setting (see
Appendix E.4); in the main setting, this field is
hidden to enforce reliance on visual grounding.

Objectives-Aware Generator: Visual-Verbal
Alignment To address Visual Aphasia, this
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Box F.1: SG-PLANNER INSTRUCTION (STAGE 1)

System Role: You are a Pedagogical Logic Verifier. Your task is to filter and linearize a bag of
retrieved concepts into a strictly valid dependency chain.

Symbolic Context (Graph Injection):

- Anchor Scope: {TP_ANCHOR} (e.g., "Arithmetic Sequence Definition")

- Candidate Pool: {KC_CANDIDATES} (List of retrieved nodes with relevance scores)
- Hard Constraints (Prerequisite Rules):

{GRAPH_CONSTRAINTS} # e.g., "Concept A MUST precede Concept B"

Optimization Goals:

1. Topological Validity: You MUST NOT output a concept if its prerequisite (defined in Hard
Constraints) has not appeared in a previous step.

2. Evidence-Based Pruning: Discard concepts that are topologically valid but lack explicit support
in {TRANSCRIPT_SNIPPET} [Analysis-Only: or {OCR_TOKENS}].

3. Minimality: Preserve only the minimal chain necessary to explain the Anchor Scope.

Output Format (JSON):
Return a JSON list. For each step, cite the constraint ID that justifies its position.
[ {"step”: 1, "concept”: "...", "constraint_check”: "Satisfies Rule A"} ]

BoX F.2: OBJECTIVES-AWARE GENERATOR (STAGE 2)

Conditioning Context:
- Pedagogical Goal:
Inferencel

- Focus Concept: {PLANNED_NODE} (from Stage 1)

- Visual Context: (InternVL Visual Tokens projected by KGVA)

{PEDAGOGICAL_GOAL} [Note: Gold during Training; Self-Generated/Null during

Generation Directives:

1. Deictic Resolution (Critical): The transcript contains ambiguous terms like "look at this"”. You
MUST resolve these by describing the specific visual content currently on the blackboard.

2. Objective-First Structure: Start with a sentence explicitly linking the current visual state
to the {PEDAGOGICAL_GOAL}.

3. Visual Verification: If the teacher mentions a concept but it is NOT written on the board, mark
it as [Spoken-Only].

4. Scientific Precision: Transcribe all visible formulas in standard LaTeX.

Output: A micro-summary strictly grounded in the visual evidence.

Figure 13: Constraint-Injection Prompts. Box F.1: SG-Planner uses dynamic graph constraints to linearize
prerequisites. Box F.2: The Generator resolves visual deixis conditioned on the planner’s output. Note on Leakage
Control: Fields marked [Analysis-Only] or [Gold during Training] are strictly withheld or replaced by model
predictions during standard inference.

prompt (Box F.2) implements a "Deictic Resolution
Protocol." It explicitly instructs the model to utilize
the attention-guided visual features (via KGVA)
to resolve ambiguous spoken terms (e.g., "this",
"here") into concrete visual descriptions. Leakage
Control: The {PEDAGOGICAL_GOAL} is supplied
from ground-truth annotations during SFT (Train-
ing) to enable objective-aware supervision. At In-
ference, this field is either omitted or populated
by a self-generated goal (via Chain-of-Thought),
ensuring no test-time leakage.

V-Only Mode: Forensic Extraction In the
transcript-free setting (Robustness Analysis), the
visual encoder is repurposed to generate "Search

Queries" for the Knowledge Graph (Box F.3). The
prompt shifts focus from general captioning to
Knowledge Artifact Extraction, enabling the SG-
Planner to retrieve relevant subgraphs even without
audio.

9159



BoOX F.3: VISUAL FORENSIC FOR QUERY GENERA-

TION (V-ONLY)

Role: You are a Visual Forensic Analyst
converting classroom frames into Knowledge
Graph search queries.

Instruction:

Analyze the sequence of 8 frames. Ignore
the teacher’s appearance. Focus exclusively
on the Knowledge Artifacts (Text, Diagrams,
Formulas) on the blackboard/slides.

Extraction Protocol:

1. Handwriting Transcription: Transcribe all
legible keywords.

2. Structure Recognition: Is it a Definition?
A Proof?

3. Layout Logic: Describe the spatial flow.

Output (Search Query Format):

Query Keywords: [List of transcribed terms for
KG lookup]

Pedagogical Intent: [Inferred teaching phase]

Figure 14: V-Only Robustness Prompt. Used to gen-
erate surrogate text queries for SG-Planner when tran-

scripts are withheld.
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