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Figure 1. EduStory: A Structured Framework for Knowledge-Consistent Long-Form Educational Video Generation. This figure illustrates
the EduStory framework, which integrates pedagogical state modeling, script-guided structured control, and learning-oriented evaluation
to enable controllable multi-shot video generation. The pipeline emphasizes persistent knowledge state tracking and structured constraints
to ensure narrative coherence and alignment with instructional objectives.

Abstract

Long-horizon video generation has advanced in
visual quality, yet existing methods still struggle
to maintain knowledge consistency and coherent
pedagogical narratives across multi-shot instruc-
tional videos, especially in STEM domains. To
address these challenges, we propose EduStory,
a unified framework for reliable instructional
video generation. EduStory integrates pedagogi-
cal state modeling to track persistent knowledge
states, script-guided structured control to orga-
nize multi-shot narratives, and learning-oriented
evaluation metrics to assess knowledge fidelity
and constraint satisfaction. To support rigorous
evaluation, we further introduce EduVideoBench,
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a diagnostic benchmark with multi-granularity
annotations, including pedagogical storyboards,
shot-level semantics, and knowledge state tran-
sitions, together with baseline tasks for control-
lable instructional video generation. Extensive
experiments demonstrate that domain-aware state
modeling and structured control substantially re-
duce narrative breakdown and improve alignment
with instructional intent. These results highlight
the significance of domain-specific structural con-
straints and tailored benchmarks for advancing
reliable, controllable, and also trustworthy long-
horizon video generation.

1. Introduction
Long-horizon video generation has seen remarkable
progress, with recent models capable of producing visu-
ally coherent clips lasting tens of seconds (Peebles & Xie,
2023; Zheng et al., 2024; Yang et al., 2024). Yet a demand-
ing real-world use case remains largely unsolved: multi-shot
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STEM instructional video generation, where a model must
maintain strict knowledge consistency across several min-
utes of generated content. Unlike cinematic storytelling,
instructional videos impose hard correctness constraints that
are binary and domain-specific. For example, a formula
introduced in shot 2 must reappear symbol-for-symbol iden-
tically in shot 5, and a force diagram established in the
introduction must not silently contradict itself during a later
derivation (Jia et al., 2025b). Current models, which are pri-
marily optimized for visual fluency rather than knowledge
fidelity, often suffer from knowledge drift: entities mutate,
formulae lose coefficients, and logical sequences collapse,
potentially rendering the generated content educationally
misleading or harmful (Wan et al., 2025). To address this
gap, we make three contributions as below:

• EduStory, a framework that treats instructional video
generation as a stateful, constraint-aware process rather
than open-ended sequence modeling.

• EduVideoBench, the first benchmark specifically de-
signed to diagnose knowledge consistency and pedagogi-
cal alignment in multi-shot video generation.

• Preliminary experiments demonstrate that incorporating
domain-aware state modeling and constraint verification
significantly mitigates narrative breakdown and improves
alignment with instructional intent, even when using a
lightweight base generator.

2. Related Work
Long-horizon video generation. Recent models such as
Open-Sora (Zheng et al., 2024), CogVideoX (Yang et al.,
2024), and StreamingT2V (Henschel et al., 2025) extend
video generation to tens of seconds through auto-regressive
or hierarchical architectures. While these models improve
temporal coherence, they lack mechanisms for maintaining
domain-specific semantic consistency, which is a require-
ment orthogonal to visual quality.

Structured and controllable generation. Script-guided
generation (Kondratyuk et al., 2024; Sun et al., 2024b;a)
and storyboard-conditioned approaches (Liu et al., 2025)
decompose long videos into manageable chunks but do not
model the knowledge state that must persist across segments.
Our Instruction Planner builds on this spirit while adding
formal state semantics.

Video generation evaluation. Benchmarks such as Eval-
Crafter (Liu et al., 2024), T2VQA (Wu et al., 2024), and
VideoPhy (Bansal et al., 2025) assess visual quality, tempo-
ral coherence, and physical plausibility (Kou et al., 2024).
None targets the knowledge fidelity and pedagogical struc-
ture alignment that define high-quality instructional content.
EduVideoBench fills this gap with domain-aware metrics.

Robust AI. Robust AI studies how to ensure model

reliability under perturbations, distribution shifts, and
safety-critical deployment conditions (Zhao et al., 2024).
Early work revealed the vulnerability to adversarial exam-
ples (Goodfellow et al., 2015), while RobustBench estab-
lished standardized evaluation for robustness across models
and defenses (Croce et al., 2021). UniFLE (Zhao et al.,
2026) has demonstrated promising progress in enhanc-
ing the safety of LLMs, especially in mitigating weight-
poisoning backdoor attacks. Recent studies further extend
robustness to knowledge distillation, few-shot learning, and
vision-language models (Dong et al., 2026a; 2024; 2026b;
2025a;c;b). Dong et al. made inspiring progress in ro-
bust few-shot learning by co-distilling similarity and con-
cept learners, improving robustness under limited supervi-
sion (Dong et al., 2024). In contrast, we study a comple-
mentary form of robustness: preserving knowledge consis-
tency, symbolic correctness, and pedagogical state transi-
tions across video generation.

3. The EduStory Framework
As shown in Fig. 1, inspired by (Jia et al., 2025a; Wu
et al., 2024; 2026), EduStory frames instructional video
generation as a pedagogical state machine with three
tightly coupled components: an Instruction Planner, a State-
Conditioned Generator, and a Constraint Verifier.

3.1. Pedagogical State Modeling

At shot t, we define the pedagogical state:

St =
(
Et, Rt, C

)
, (1)

where Et is the set of knowledge entities introduced through
shot t (e.g., {force, F=ma, acceleration}); Rt ⊆ Et ×
Et×L is a typed relation graph with label set L = {CAUSES,
QUANTIFIES, DERIVES, INSTANTIATES} encoding logical
and physical dependencies; and C is a domain-specific con-
straint set (e.g., equation balance, unit consistency, direc-
tional conventions) that is invariant throughout the video.

State evolves through a deterministic transition:

δ
(
St, at

)
= St+1, at ∈ A, (2)

where A is a finite set of pedagogical actions (Table 1).
Each action specifies precisely which entities and relations
are added to the state, making the knowledge accumulation
process fully traceable.

3.2. Instruction Planner

The Instruction Planner π maps a plain-text lesson descrip-
tion ℓ to a two-level hierarchical shot plan:

π(ℓ) =
[(
pk, [ak,1, . . . , ak,Nk

]
)]K

k=1
, (3)
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Figure 2. Overview of EduVideoBench, illustrating its multi-source composition and hierarchical annotation for modeling pedagogical
structure and knowledge consistency in STEM instructional videos.

Table 1. Pedagogical action set A and their state effects.

Action at Effect on St+1

INTRODUCE(e) E += {e}; add incident edges to
R

DERIVE(e1, e2, r) E += {e2}; R +=
{(e1, e2, r)}

APPLY(e, x) E unchanged; add instantiation
edge

SUMMARIZE(E′) S unchanged; trigger recap shot

with K=4 canonical pedagogical phases {pk} =
{Introduction, Explanation, Application, Summary}, each
subdivided into Nk shot-level actions. We implement π
with a prompted LLM that outputs structured JSON, includ-
ing per-shot action tags, expected entities, and constraint
identifiers from C.

3.3. State-Conditioned Generation and Verification

Given a shot plan and current state St, video shot vt is
sampled as:

vt ∼ Pθ

(
v | prompt(at, St)

)
, (4)

where prompt(at, St) enriches the shot description with
the entities in Et and their active relations, grounding the
generator in accumulated instructional context.

A Constraint Verifier V then evaluates each candidate:

V(vt, C, St) = 1
[
∀ c ∈ C : CHECK(vt, c, St) = 1

]
, (5)

which is implemented as a VLM-based agent (GPT-
4o (Hurst et al., 2024)). If V = 0, EduStory regenerates
with an augmented prompt encoding the detected violation,
up to Kmax=3 retries. This closed-loop correction is the
key distinction from prompt-engineering baselines.

4. EduVideoBench
4.1. Dataset Construction

EduVideoBench comprises 1,800+ multi-shot STEM in-
structional video clips (30–90 seconds, ≥3 shots each)
from eight educational sources. The collected videos cover
physics (∼300), mathematics (∼420), chemistry (∼220),
engineering and computer science (∼360), biology and life
science (∼250), earth science and astronomy (∼110), and
other STEM-related topics (∼40). To ensure evaluative
rigor, the dataset is constructed with the following key char-
acteristics:

(i) Naturalistic educational content: clips are col-
lected from Khan Academy, MIT OpenCourseWare,
3Blue1Brown, CrashCourse, Ask the StoryBots, BrainPOP
Science, Kurzgesagt, and TED-Ed, providing diverse in-
structional styles ranging from lecture-based derivations to
animated scientific explanations.

(ii) Programmatic ground truth: we additionally include
∼100 clips rendered with Manim (Manim Community De-
velopers, 2021), providing controlled reference videos for
formula-correctness and symbolic-consistency evaluation.
Together, these sources form a dataset with both naturalistic
pedagogical variation and verifiable ground-truth structure.

4.2. Three-Level Annotation Taxonomy

Level 1 — Macro: Pedagogical phase sequence. Each
clip is labeled with temporal boundaries of up to five phases
following the instructional design literature (Gagne et al.,
2005): {phenomenon introduction, hypothesis formulation,
formal derivation, example application, summary}.
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Level 2 — Shot: Semantic action tags. Each shot is
labeled with a pedagogical action from A, entities present
on screen, and any formulae verified against domain rules
by GPT-4o (Hurst et al., 2024).

Level 3 — Transition: Knowledge state consistency. For
each consecutive pair (vt, vt+1), we annotate the state delta
∆St = St+1 \ St and record whether entity continuity, for-
mula symbol matching, and logical ordering are preserved,
forming the ground truth for KDR.

4.3. Benchmark Tasks

EduVideoBench defines two diagnostic tasks:

Task I (Script-to-Video): given π(ℓ), generate the full shot
sequence; evaluate with KDR and PAS.

Task II (Continuation): given the first k shots and state Sk,
generate the remaining shots under consistency constraints;
tests whether models can sustain state without full context.

5. Experiments
5.1. Setup

We use CogVideoX-2B (Yang et al., 2024) as the base gener-
ator. Experiments are run on an eight-GPU NVIDIA H100
server. We evaluate on 5,000 held-out EduVideoBench shots.
GPT-4o serves as the VLM evaluator for Knowledge Drift
Rate (KDR) and Pedagogical Alignment Score (PAS);
CLIP-S (Hessel et al., 2021) is included as a standard visual
quality reference.

Metrics. KDR measures the fraction of consecutive shot
pairs exhibiting entity-level or formula-level drift:

KDR(V ) =
1

T−1

T−1∑
t=1

1
[
drift(vt, vt+1, St) > 0

]
. (6)

PAS measures mean shot-level alignment with the intended
instructional plan:

PAS(V ) =
1

T

T∑
t=1

match
(
phaset, plant

)
, (7)

where match(·) is scored by the VLM evaluator. KDR is
lower-better; PAS and CLIP-S are higher-better.

5.2. Ablation Study

Tab. 2 reports a four-condition ablation isolating the con-
tribution of each EduStory component. B0 uses a single
long prompt without any structural decomposition, corre-
sponding to standard long-video generation. B1 adds the
Instruction Planner, decomposing the lesson into structured
per-shot prompts. B2 additionally conditions generation

Table 2. Ablation results on EduVideoBench Task I. KDR: lower
is better (↓). PAS, CLIP-S: higher is better (↑). Boldface denotes
the best performance among automated systems, and underlining
denotes the second-best performance, respectively.

Method KDR ↓ PAS ↑ CLIP-S ↑
B0: Baseline (long prompt) 0.41 0.52 0.28
B1: + Instruction Planner 0.33 0.64 0.29
B2: + Pedagogical State Model 0.21 0.71 0.28
EduStory (Full) 0.14 0.79 0.27

Human upper bound 0.00 1.00 —

on the accumulated pedagogical state St. EduStory (Full)
further incorporates the Constraint Verifier with violation-
aware regeneration.

Analysis. Adding the Instruction Planner (B1) improves
PAS by +12 points, confirming that structured shot de-
composition benefits pedagogical alignment even without
explicit state tracking. The largest KDR reduction occurs
at the B1→B2 transition (−12 points), demonstrating that
explicit state modeling, rather than prompt structure alone,
is the primary driver of knowledge consistency. The Con-
straint Verifier in EduStory Full yields a further −7 KDR
reduction via targeted violation correction, at a modest cost
of −0.01 CLIP-S, reflecting the expected trade-off between
faithfulness and diversity inherent in constrained generation.

6. Conclusion
We introduced EduStory, a pedagogical state machine for
multishot STEM instructional video generation, and Edu-
VideoBench, a benchmark with three-level domain-aware
annotations. Our ablation study shows that explicit state
modeling and constraint verification are necessary and suf-
ficient to reduce knowledge drift and improve pedagogical
alignment over strong prompt engineering baselines.

This matters because long-form generative systems fail pri-
marily due to loss of structure over time, not lack of fluency.
As sequences grow, models drift, violating prerequisite rela-
tionships and breaking conceptual coherence, which directly
harms learning and trust.

EduStory addresses this by enforcing a constrained pro-
gression through instructional states, ensuring coherent con-
cept ordering and dependency satisfaction, while constraint
verification prevents error propagation. EduVideoBench
complements this with evaluation of factual accuracy, con-
ceptual structure, and instructional coherence, which are
largely missing from existing benchmarks.

Overall, this work shows that reliable long-form generation
requires explicit structure and domain-aware validation, not
just better prompts or larger models.
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Supplementary Material

A. VLM Evaluator Prompts
KDR evaluation prompt (per adjacent shot pair). We provide the following prompt to GPT-4o alongside the frame from
shot vt+1:

You are evaluating knowledge drift in a STEM instructional video.
The previous shot established the following knowledge entities: [E t],
Current knowledge state: [S t].

Examine the provided video frame (current shot) and determine:
(1) Are all previously established entities correctly represented (same symbol form, directional convention, no

disappearance)?
(2) Has any entity been incorrectly modified or contradicted?
(3) Has any new entity appeared without formal introduction?

Respond only in JSON:

{
"entities preserved": bool,
"entities incorrectly modified": [list],
"unexplained new entities": [list],
"drift detected": bool,
"drift severity": 0--3,
"explanation": "one sentence".

}

PAS evaluation prompt (per shot).

You are evaluating whether a STEM instructional video shot follows its intended pedagogical plan.
Planned shot [shot id]/[total]: Phase: [phase],
Intended action: [action],
Expected content: [description].

Examine the provided video frame and determine:
(1) Does the visual content match the intended pedagogical action?
(2) Is the content at the appropriate level of detail for this phase?
(3) Does it logically continue from the previous phase?

Respond only in JSON:

{
"action matched": bool,
"phase appropriate": bool,
"logical continuity": bool,
"alignment score": 0.0--1.0,
"explanation": "one sentence".

}
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