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Abstract: Educational knowledge in real classrooms is distributed across speech, slides, whiteboards, 

handwritten mathematics, code, and ad hoc diagrams. This makes accurate and persistent study support difficult 

even when recordings are available. Recent multimodal models and large language model (LLM) systems can 

summarize lectures and generate notes, but real deployment remains limited by alignment drift, OCR and ASR 

noise, incomplete extraction of formal STEM content, and hallucinations that can silently corrupt study artifacts. 

This paper presents a transparent scoping survey of a balanced 100-paper corpus organized into five clusters: 

multimodal lecture understanding, educational artifact generation, structured knowledge extraction, reliability 

and hallucination control, and benchmarks and evaluation. We explicitly treat the last two clusters as a transfer 

toolkit layer for classroom AI rather than as classroom-native systems. Beyond synthesis, the paper contributes: 

(1) a review protocol with an explicit audit trail and descriptive-count caveats; (2) a reliability-first classroom 

pipeline in which alignment is the operational core; (3) an operational intermediate representation (IR) with 

typed fields, evidence granularity, verification records, and abstention behavior; (4) a worked micro-example 

that carries a 30-second lecture snippet into evidence-linked flashcards; (5) a lecture-grounded versus resource-

grounded verification matrix; and (6) a reviewer-ready multimodal faithfulness protocol for mixed evidence 

such as noisy board crops, OCR, and ASR. The result is a sharper, more operational roadmap for trustworthy 

classroom AI. 

Index Terms—Multimodal learning, lecture understanding, automatic note generation, educational knowledge 

graphs, retrieval-augmented generation, factuality, verification, benchmarks, trustworthy AI. 

I. Introduction 

Real classroom knowledge is transient, multimodal, 

and unevenly captured. In a single lecture, the 

instructor may speak an informal definition, point 

to a slide bullet, derive an equation on the board, 

sketch a diagram, and type code in an editor. 

Students rarely miss only one modality; they miss 

the linkages between modalities. This is why raw 

lecture capture is not the same as reliable study 

support. Recordings preserve time, but students 

still need structure, retrieval, and verification to 

transform classroom events into reusable artifacts 

such as notes, concept maps, algorithm steps, 

flashcards, and question-answer pairs [4], [6], [13], 

[21], [22]. 

Current lecture summarization and note-generation 

systems partially address this problem, but they 

remain brittle in precisely the conditions that matter 

in real classrooms. Automatic speech recognition 

degrades under room noise and rapid domain-

specific terminology; OCR on boards and projected 

slides is sensitive to blur, glare, handwriting, and 

occlusion; and multimodal alignment often drifts 

when the instructor elaborates away from the slide 

sequence or writes content not present in the deck 

[5], [10], [11], [14]-[19]. Many systems also stop at 

fluent summaries instead of producing structured, 

reusable, and checkable learning objects. 
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Reliability is therefore the central deployment 

barrier. Educational artifacts are higher stakes than 

generic summaries because an unsupported 

definition, an omitted algorithm step, a wrong 

asymptotic complexity claim, or a silently repaired 

code snippet can directly distort learning. The 

factuality literature provides important tools—

FactCC, QAGS, FRANK, SummaC, TRUE, 

TruthfulQA, HaluEval, SelfCheckGPT, RARR, 

and MiniCheck—but these resources were largely 

built for open-domain or text-only settings and do 

not directly solve multimodal classroom grounding 

[65]-[75]. The key research question is not whether 

these tools matter, but how they should be adapted 

when evidence comes from ASR spans, slide OCR 

blocks, board crops, diagrams, and course 

resources rather than a clean source paragraph. 

This revised survey makes that adaptation explicit. 

We distinguish classroom-native literature from a 

transfer toolkit layer. Clusters C1–C3 address 

classroom capture, alignment, artifact generation, 

and structured extraction directly. Clusters C4–C5 

supply reusable mechanisms—retrieval, factuality 

metrics, hallucination detectors, and evaluation 

suites—that must be operationalized for classroom 

evidence. Framing C4–C5 as a transfer layer 

resolves the conceptual mismatch between a 

multimodal classroom paper and a partially text-

centric reliability toolkit: the text-centric literature 

is included because it contributes verification 

primitives, not because it is itself classroom-

complete. 

The paper makes six contributions. First, it clarifies 

the review as a transparent scoping survey rather 

than a prevalence-estimating systematic review and 

strengthens the audit trail around search, screening, 

coding, and corpus-level counts. Second, it centers 

alignment as the unifying technical core and 

categorizes alignment families by alignment unit, 

cues, drift-handling strategy, and metrics. Third, it 

operationalizes the IR with explicit fields, evidence 

granularity, and verification tasks for definitions, 

equations, code, and complexity claims. Fourth, it 

adds a professor-requested worked example that 

traces a 30-second lecture snippet into evidence 

spans, IR objects, and a cited flashcard. Fifth, it 

separates lecture-grounded from resource-grounded 

verification and specifies which artifact types 

require which evidence. Sixth, it tightens the 

evaluation framework by defining measurable 

dimensions and a mixed-evidence protocol for 

board-crop + OCR + ASR faithfulness. The 

remainder of the paper proceeds from protocol and 

positioning to pipeline, IR, corpus synthesis, 

benchmarks, evaluation, and deployment. 

 

II. Review Protocol, Positioning, And Audit 

Trail 

A. Review questions and corpus design 

The manuscript is positioned as a structured 

scoping survey. The goal is not to estimate 

publication prevalence across the entire literature 

or to pool effect sizes. Instead, the goal is to 

compare method families under a common coding 

lens and to expose the design choices that matter 

for reliable classroom AI. The corpus is 

intentionally balanced across five clusters to avoid 

allowing publication-volume asymmetries to 

dominate the narrative. 

The review is driven by four practical questions: 

RQ1 asks how classroom systems segment, align, 

and perceive long multimodal lectures; RQ2 asks 

how educational systems generate study artifacts 

and tutoring interactions from those signals; RQ3 

asks what intermediate representations enable 

controllable extraction of definitions, procedures, 

claims, and prerequisites; and RQ4 asks which 

reliability mechanisms and benchmarks transfer 

effectively into classroom settings. 
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Figure 1. PRISMA-style selection schematic adapted for the balanced 100-paper scoping corpus; the 

accompanying audit trail consists of the query log, eligibility notes, coding sheet, and adjudication log. 

Cluster Representative query template 
Primary 

databases 
Inclusion focus 

C1: Multimodal 

lecture 

understanding 

(lecture OR classroom) AND (video OR audio) 

AND (segmentation OR alignment OR 

"whiteboard" OR OCR) 

IEEE Xplore, 

ACM DL, CVF, 

ISCA 

Segmentation, 

slide/board 

alignment, classroom 

capture, OCR/ASR, 

navigation 

C2: Artifact 

generation 

(lecture OR course) AND (notes OR flashcards 

OR "question generation" OR tutoring) 

IEEE Xplore, 

ACM DL, 

SpringerLink 

Note generation, 

tutoring, flashcards, 

question generation, 

study tools 

C3: Structured 

extraction 

(education OR document) AND (definition 

extraction OR prerequisite OR "knowledge 

graph" OR algorithm extraction) 

ACL Anthology, 

ACM DL, IEEE 

Xplore 

Definitions, 

prerequisite graphs, 

structured extraction, 

document 

understanding 

C4: Reliability (hallucination OR factuality OR retrieval OR ACL Anthology, Retrieval, factuality, 
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Cluster Representative query template 
Primary 

databases 
Inclusion focus 

transfer toolkit grounded generation) AND (LLM OR 

summarization) 

arXiv, IEEE 

Xplore 

self-revision, 

grounded tutoring, 

contradiction 

detection 

C5: 

Benchmarks 

and evaluators 

(multimodal benchmark OR lecture dataset OR 

VQA OR evaluator) AND (education OR 

document OR video) 

CVF, ACL 

Anthology, IEEE 

Xplore, arXiv 

Lecture datasets, 

VQA, multimodal 

evaluation toolkits, 

metric suites 

Table I. Transparent search strategy organized by cluster-specific query families. 

B. Search, screening, and audit trail 

Primary search sources were IEEE Xplore and 

ACM Digital Library, complemented by 

Scopus/Web of Science indexing, SpringerLink, 

ACL Anthology, arXiv, CVF Open Access, and 

ISCA proceedings where these sources were 

needed to capture NLP, vision, and speech papers 

adjacent to classroom AI. Query families were 

cluster-specific and combined classroom terms 

with task terms such as segmentation, alignment, 

note generation, definition extraction, hallucination 

detection, retrieval, and benchmarking. Backward 

and forward snowballing were used when a paper 

functioned as a bridge between clusters. 

Eligibility followed a relevance-first logic. We 

included papers that either (i) operate directly on 

lecture, classroom, educational, or course materials, 

or (ii) contribute a mechanism that can be 

concretely transferred into educational artifact 

generation and verification. Studies were excluded 

when they were purely generic and offered no clear 

path to classroom evidence adaptation, when they 

focused only on administrative education analytics 

without content grounding, or when they did not 

expose enough methodological detail to support 

interpretive coding. 

To improve auditability, the revised protocol 

separates title/abstract screening, full-text 

eligibility, and coding into distinct logged stages. 

Each retained paper receives one primary cluster 

label and multi-label tags for modalities, pipeline 

stages, alignment family, evidence type, evaluation 

style, and study quality. The intended protocol is 

dual screening with adjudication: a shared 

codebook is calibrated on a pilot subset, 

disagreements are logged, and final labels are 

reconciled by discussion with a third-author 

adjudication step when needed. Because the 

archival artifact currently available to this revision 

is a reconciled coding sheet rather than the raw 

double-coding worksheets, the paper reports 

descriptive corpus statistics only and does not 

claim meta-analytic precision. The protocol 

therefore makes the missing audit fields explicit—

overlap size, coder agreement, disagreement 

counts, and adjudication log—even where the 

preserved material is limited. 

Minimum audit package for future updates: query log; deduplication rules; title/abstract decisions; full-text 

exclusion reasons; reconciled coding sheet; and the adjudication record for disagreements. This revision makes those 

required fields explicit and limits corpus counts to descriptive summaries. 

C. Coding schema, quality appraisal, and 

interpretation limits 

The final corpus contains 100 studies, intentionally 

balanced as 20 papers per cluster. This design 

improves cross-cluster comparability but also 

changes the interpretation of counts: a statement 

such as “17/20 C2 papers contain human or user 

evidence” is descriptive of the curated corpus, not 

an estimate of the field-wide prevalence of that 

evaluation practice. Appendix A provides the 

paper-level mapping table used to derive all main-

text corpus summaries. 

We also record a lightweight quality rubric to 

inform narrative weighting rather than formal 

exclusion. Dataset realism, grounding explicitness, 

evaluation depth, and deployment relevance are 
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coded on a 0–2 scale and used to distinguish 

conceptually interesting but weakly validated 

papers from stronger deployment-oriented 

evidence. This helps the survey avoid treating all 

papers as methodologically equivalent when 

discussing roadmap priorities. 

Field Operational coding rule Why it is recorded Audit note 

Primary 

cluster 

Assign one dominant cluster per 

paper; use multi-label stage tags to 

avoid collapsing cross-cutting 

contributions. 

Supports balanced corpus 

synthesis. 

Disagreements should 

be adjudicated and 

logged. 

Modalities 

Mark all modalities actually used: 

audio, video, slides/screen, 

board/OCR, document/resource, 

code/logs. 

Exposes text-centric vs 

multimodal coverage. 

Needed for cross-

cluster modality 

counts. 

Pipeline stages 

Tag any stage materially addressed: 

capture/OCR, segmentation, 

alignment, extraction, IR/structuring, 

generation, ground/verify, 

evaluation/benchmark. 

Links papers to the 

reliability-first pipeline. 

Multi-label coding 

reduces false 

exclusivity. 

Alignment 

family 

If alignment is central, tag slide-

change, semantic, OCR-anchor, 

cross-modal embedding, or hybrid. 

Operationalizes the 

professor-requested 

alignment taxonomy. 

Record drift-handling 

strategy when 

available. 

Evidence type 
Mark lecture-grounded evidence, 

resource-grounded evidence, or both. 

Separates 'what was said 

in class' from external 

course knowledge. 

Critical for artifact-

level verification 

rules. 

Evaluation 

style 

Record intrinsic metrics, human 

ratings, user study, learning outcome 

evidence, and benchmark release. 

Avoids flattening all 

evaluations into one 

bucket. 

Main-text counts are 

descriptive, not 

prevalence estimates. 

Study quality 

Score dataset realism, grounding 

explicitness, evaluation depth, and 

deployment relevance on a 0–2 

rubric. 

Guides interpretive 

weighting. 

Rubric is reproduced 

in Appendix B. 

Table II. Coding schema and audit fields used to derive corpus-level summaries. 

III. Positioning The Survey And Defining The 

Transfer Toolkit Layer 

Table III positions this survey relative to adjacent 

reviews in AI in education, affective tutoring, and 

personalized e-learning [28]-[30]. Those reviews 

provide useful context, but none organize the 

literature around verified study-artifact generation 

from noisy multimodal classroom evidence. The 

present survey therefore occupies a different niche: 

it connects capture, alignment, structured 

extraction, generation, and verification under a 

single reliability-first pipeline. 

The most important rhetorical shift in this revision 

is to treat reliability and benchmark papers as a 

transfer toolkit layer. Text-centric factuality 

metrics, hallucination detectors, and multimodal 

evaluation suites are included because they 

contribute components that can be adapted to 

classroom evidence, not because they already solve 

classroom AI end to end. This framing prevents C4 

and C5 from appearing appended and instead 
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makes them operational inputs to the classroom pipeline. 

Review / 

survey 
Main scope 

What it covers 

well 

What it does not 

center 

Why the present survey 

differs 

Affective 

tutoring review 

[28] 

Emotion-aware 

tutoring systems 

Learner affect, 

tutoring design 

Classroom 

evidence linking, 

structured IR, 

verification 

Our focus is evidence-

grounded artifact generation 

from multimodal lectures. 

AI in education 

review [29] 

Broad AIEd 

overview 

System landscape 

and educational 

context 

Lecture capture, 

multimodal 

alignment, claim-

level faithfulness 

We narrow to content-

grounded classroom AI and 

reliability. 

Personalized e-

learning review 

[30] 

Adaptive e-

learning systems 

Personalization 

issues and 

deployment 

challenges 

Board/slide 

evidence, 

multimodal 

extraction, 

verification 

We connect capture, IR, and 

verification under one 

pipeline. 

This survey 

Transparent 

scoping survey 

of reliable 

classroom AI 

Classroom-native 

clusters plus 

transfer toolkit 

layer 

Prevalence 

estimation or meta-

analysis 

The goal is comparability, 

auditability, and operational 

guidance. 

Table III. Positioning of the present survey relative to adjacent reviews. 

Transfer toolkit 

family 

Representative 

papers 

Classroom evidence 

it plugs into 

Adaptation required for 

real classrooms 

Best-matched 

artifact types 

Retrieval-

augmented 

generation 

[61]-[64], [76]-

[80] 

ASR spans, slide 

OCR blocks, board 

crops, LMS notes, 

textbook pages 

Chunk evidence by time 

and region; separate 

lecture-grounded and 

resource-grounded 

indices; preserve citation 

pointers 

Tutor answers, 

notes, FAQ, 

flashcards 

Text factuality 

and consistency 

metrics 

[65]-[70], [93]-

[99] 

Claim/evidence pairs 

derived from lecture 

segments 

Convert multimodal 

evidence bundles into 

local support units; 

downweight noisy 

OCR/ASR 

Claim checking for 

notes, summaries, 

explanations 

Hallucination 

detection and 

self-revision 

[71]-[75] 

Generated study 

artifacts plus linked 

evidence 

Use abstention thresholds 

tied to evidence quality; 

prevent unsupported auto-

repair of STEM content 

Self-checking 

notes, flashcards, 

code explanations 

Knowledge-

graph and KG-

[41]-[46], [76]-

[80] 

Concept graphs and 

course resources 
Distinguish canonical 

course knowledge from 

Tutoring, 

prerequisite 
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Transfer toolkit 

family 

Representative 

papers 

Classroom evidence 

it plugs into 

Adaptation required for 

real classrooms 

Best-matched 

artifact types 

RAG tutoring lecture evidence and 

inferred prerequisites 

navigation, study 

planning 

Multimodal 

benchmark 

suites and 

evaluators 

[86]-[92] 

Slides, board 

images, diagrams, 

charts, multi-page 

resources 

Replace generic 

document or natural-

image tasks with 

classroom pages and 

multimodal lecture 

context 

Evaluation of 

board reasoning, 

slide QA, diagram 

explanation 

Table IV. Transfer toolkit layer: how generic reliability and benchmark papers map onto classroom evidence 

types and study artifacts. 

IV. Reliability-First Pipeline And Alignment As 

The Operational Core 

Figure 2 summarizes the proposed reliability-first 

pipeline: capture and OCR, segmentation, 

alignment, structured extraction, IR structuring, 

artifact generation, grounding and verification, and 

benchmarking or deployment. Although these 

stages can be implemented jointly, alignment is the 

operational core because every downstream 

decision depends on whether speech, slides, board 

regions, and resource documents are connected at 

the right granularity [101]. 

In real classrooms, alignment is not a single task. 

Some systems need coarse slide-transition 

anchoring; others need semantic alignment between 

a spoken concept and a slide bullet; STEM settings 

often need OCR-anchor alignment between a 

spoken symbol and a handwritten board region; and 

multimodal retrieval systems use cross-modal 

embeddings to recover evidence when direct 

timeline alignment drifts. These families use 

different cues, fail in different ways, and should not 

be conflated under a single generic “alignment” 

label. 

 

Figure 2. Reliability-first pipeline for multimodal classroom AI, emphasizing evidence linking, uncertainty 

handling, human review, and privacy as cross-cutting layers. 

A. Alignment families and why they fail 

differently 

Table V operationalizes the alignment taxonomy 

requested in review. Each family is defined by its 

alignment unit, primary cues, drift-handling 

strategy, and reported metrics. The design 

implication is straightforward: a deployable system 

will usually need more than one alignment family 

[102]. Transition anchors stabilize the timeline, 

semantic alignment recovers meaning, OCR 

anchors protect fine-grained evidence on the board, 

and cross-modal retrieval acts as a fallback when 

the lecture deviates from the linear slide order. 
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This perspective also changes evaluation. 

Alignment quality should be measured not only 

with alignment-specific scores such as transition F1 

or temporal offset, but also by its downstream 

effect on artifact faithfulness [103]. A system can 

achieve acceptable segment overlap while still 

generating unsupported flashcards if the wrong 

evidence is linked to the right-looking sentence. 

 

Figure 3. Alignment methods categorized by alignment unit, cues, and drift-handling strategy. 

Alignment 

family 

Alignment 

unit 
Primary cues 

Drift-handling 

strategy 

Typical 

metrics 

Representative 

classroom 

papers 

Slide-change 

detection 

Transition / 

slide index 

Visual delta, 

thumbnails, OCR 

change, cursor 

movement 

Reset anchors at 

transitions; enforce 

monotonic time 

Transition F1, 

mean temporal 

offset 

[2], [10], [21], 

[22], [84] 

Semantic 

alignment 

Topic span 

↔ slide 

block 

ASR terms, 

discourse markers, 

slide bullets, 

semantic retrieval 

Local re-ranking 

inside a monotonic 

window; confidence 

backtracking 

Alignment 

accuracy, 

Recall@k, 

segment 

overlap 

[15], [21], [22], 

[83], [84] 

OCR-anchor 

alignment 

Spoken 

term ↔ 

board 

region / 

token 

OCR tokens, 

handwritten 

symbols, region 

persistence 

Temporal 

smoothing; require 

a second modality 

when OCR is weak 

Token match 

rate, region 

precision/recall 

[5], [11], [14], 

[16]-[19] 

Cross-modal Segment ↔ Joint audio-visual- Global retrieval mAP, [81]-[84], [89]-
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Alignment 

family 

Alignment 

unit 
Primary cues 

Drift-handling 

strategy 

Typical 

metrics 

Representative 

classroom 

papers 

embedding 

alignment 

frame / page text embeddings, 

frame/page 

retrieval 

fallback with 

abstention 

thresholds 

Recall@k, 

downstream 

faithfulness 

under drift 

[92] 

Table V. Alignment taxonomy requested in review: methods are organized by alignment family, cues, drift 

handling, and reported metrics. 

V. OPERATIONAL INTERMEDIATE 

REPRESENTATION AND VERIFICATION 

TASKS 

The survey argues that reliable classroom AI needs 

an explicit intermediate representation rather than 

direct transcript-to-summary generation. The IR 

should separate evidence, knowledge objects, 

pedagogy, and verification. Evidence units carry 

source pointers and confidence. Knowledge objects 

normalize the content into definitions, procedure 

steps, equations, code fragments, complexity 

claims, or prerequisite edges. Pedagogy fields 

describe why an object matters instructionally. 

Verification records preserve the logic by which an 

artifact sentence was supported, contradicted, or 

abstained [104]. 

The revised IR is intentionally field-level and 

operational. Table VI lists the minimum fields 

needed to make downstream artifacts auditable. 

Evidence granularity is explicit: ASR support is 

stored as sentence or 5–15 second spans; slide 

evidence is stored as region-level OCR blocks; 

board evidence is stored as persistent crops or step 

regions; and external resource evidence is stored at 

page, section, or block level. A claim cannot be 

considered grounded if it cites only a document-

level source without a local pointer [105]. 

The JSON-like record below illustrates what a 

single verified segment looks like in the proposed 

IR. It is not presented as a fixed standard, but as a 

concrete schema that future benchmarks can 

instantiate. Figure 5 then shows the same logic 

visually in the professor-requested micro-example. 
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Figure 4. Layered intermediate representation linking multimodal evidence, structured knowledge, pedagogy, 

and verification. 

IR layer Required fields Purpose Example 

Evidence 

span 

evidence_id, modality, segment_id, 

time_start/end, frame_id/page_id, 

region_bbox, raw_text, normalized_text, 

confidence, source_uri 

Makes every claim 

traceable to a local 

support unit. 

ASR 12:22–12:27; slide 

14:r3; board frame 

18:402 

Knowledge 

object 

object_id, type, canonical_text, surface_form, 

granularity, supports[], prerequisites[], 

instructor_emphasis 

Stores definitions, 

steps, equations, 

code, and concept 

relations 

independently of 

wording. 

definition:BFS; 

algorithm_step:enqueue 

neighbor 

Pedagogical 

annotation 

learning_objective, difficulty, 

misconception_tag, practice_potential, 

artifact_priority 

Connects extracted 

knowledge to 

study-material 

design. 

high-priority exam 

concept; beginner 

misconception 

Verification 

record 

target_id, check_type, evidence_bundle, score, 

decision, contradictions[], abstain_reason, 

reviewer_action 

Preserves how 

support was 

judged and why 

the system 

abstained or 

flagged conflict. 

supported_with_caution 

because board 

OCR=0.62 

Artifact unit 
artifact_id, artifact_type, text, citations[], 

derived_from[], release_status 

Carries citations 

into notes, 

flashcards, tutor 

replies, and quiz 

items. 

flashcard citing E1+E2 

Table VI. Field-level operational schema for the proposed classroom IR. 

{ 

  "segment_id": "lec07_t1320_1350", 

  "time_span": {"start_s": 1320, "end_s": 1350}, 

  "evidence": [ 

    {"id": "E1", "modality": "ASR", "time": [1322, 1327], 

     "text": "Breadth-first search explores the graph level by level using 

a queue.", 

     "confidence": 0.91}, 

    {"id": "E2", "modality": "slide", "slide_id": 14, "region": "r3", 

     "ocr_text": "BFS queue-based traversal; visit neighbors in FIFO 

order.", 

     "confidence": 0.97}, 

    {"id": "E3", "modality": "board_crop", "frame": "18:402", 

     "ocr_text": "enqueue unvisited neighbors", 

     "confidence": 0.62} 
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  ], 

  "knowledge_objects": [ 

    {"id": "K1", "type": "definition", 

     "canonical_text": "BFS visits nodes in nondecreasing distance from the 

source.", 

     "supports": ["E1", "E2"], "verification": "supported"}, 

    {"id": "K2", "type": "algorithm_step", 

     "text": "Initialize a queue with the source node; then enqueue each 

unvisited neighbor.", 

     "supports": ["E2", "E3"], "verification": "supported_with_caution"} 

  ], 

  "artifact": { 

    "type": "flashcard", 

    "front": "What data structure does BFS use to explore nodes level by 

level?", 

    "back": "A queue.", 

    "citations": ["E1", "E2"] 

  } 

} 

 

Listing 1. JSON-like record illustrating a single verified lecture segment in the proposed IR. 

A. Formal verification for STEM content 

Operational IR design matters because the formal 

verification tasks differ by claim type. Definitions 

require semantic support and terminology 

normalization. Algorithm steps require order-

sensitive evidence and omission checks. Equations 

require symbol-level transcription and algebraic 

consistency. Code requires syntax parsing and, 

when possible, executable tests. Complexity claims 

require support from either the lecture trace or an 

explicitly labeled canonical resource; otherwise the 

system must abstain rather than silently repairing 

the claim. 

Equally important is the distinction between 

lecture-grounded and resource-grounded 

verification. Some artifacts are about what 

happened in the lecture and therefore must be 

justified by lecture evidence. Other artifacts are 

allowed to use external course resources, but the 

source must be labeled and the system must not 

blur canonical correction with lecture quotation. 

Table VIII makes these requirements explicit by 

artifact type. 

Claim type 

Minimum 

evidence 

granularity 

Automatic verification task Failure trigger 
Human 

fallback 

Definition / 

theorem 

statement 

Sentence-level 

ASR span plus 

local slide or 

resource span 

Entailment / equivalence check 

with terminology normalization 

Claim 

introduces 

content absent 

from all cited 

evidence 

Instructor or 

TA confirms 

canonical 

wording 

Algorithm step / 

procedure 

Ordered step spans 

from lecture, slide, 

or board region 

Missing-step detection; order 

consistency; prerequisite 

consistency 

Steps cited out 

of order or a 

key step 

unsupported 

Reviewer 

inspects 

sequence and 

reorders or 

edits 
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Claim type 

Minimum 

evidence 

granularity 

Automatic verification task Failure trigger 
Human 

fallback 

Equation / 

derivation 

Symbol-level 

OCR/vision span 

plus spoken context 

Symbol transcription, 

dimensional/algebraic 

consistency, variable reuse 

Unknown 

symbol, sign 

error, 

unsupported 

transition 

Manual 

equation 

review or 

canonical 

resource 

lookup 

Code fragment / 

syntax claim 

Code-screen region 

or typed resource 

block 

Syntax parse, API existence, 

optional unit tests 

Non-executable 

code or 

unsupported 

auto-correction 

Human code 

review with 

explicit 

source 

labeling 

Complexity claim 

Lecture/resource 

support plus linked 

algorithm object 

Check against extracted loop 

structure or labeled canonical 

source 

Complexity 

bound appears 

without 

evidence or 

conflicts with 

cited source 

Mark as 

resource-

grounded 

correction or 

abstain 

Table VII. Formal verification tasks for STEM-oriented classroom claims. 

Artifact type 

Lecture-

grounded 

mandatory? 

Resource-

grounded 

allowed? 

Minimum acceptable 

evidence 
Reporting rule 

Segment summary / 

"what the instructor 

said" 

Yes 

Only as 

supplemental 

context 

ASR and/or slide/board 

evidence from the segment 

Do not paraphrase 

external resources 

as if they were said 

in class. 

Definition card Preferred Yes 

Lecture support if presented in 

class; otherwise explicit 

course-resource citation 

Label whether the 

wording is lecture-

grounded or 

canonical resource-

grounded. 

Algorithm-step card / 

worked example 

Yes if 

describing 

lecture flow 

Yes for 

canonical 

normalization 

Ordered lecture evidence plus 

optional external correction 

Distinguish 

recorded lecture 

sequence from 

normalized 

textbook sequence. 

Corrected code 

snippet 
No Yes 

Lecture code region plus 

canonical course or API 

reference 

Never present a 

repaired snippet as 

the original 
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Artifact type 

Lecture-

grounded 

mandatory? 

Resource-

grounded 

allowed? 

Minimum acceptable 

evidence 
Reporting rule 

classroom code. 

Practice question / 

quiz item 
No Yes 

Any clearly labeled lecture or 

course resource basis 

Tag as derived 

material rather than 

quoted lecture 

content. 

Tutor answer 
Depends on 

user request 
Yes 

At least one cited local 

pointer; answer type must 

indicate lecture-grounded vs 

resource-grounded 

Surface the 

grounding mode in 

the UI. 

Table VIII. Lecture-grounded versus resource-grounded verification requirements by artifact type. 

 

Figure 5. Worked example requested in review: a 30-second lecture snippet becomes evidence spans, structured 

claims, and a flashcard with citations. 

VI. Cross-Cluster Synthesis Of The 100-Paper Corpus 

The curated corpus reveals a clear division of labor. 

Cluster 1 papers are strongest on perception, 

segmentation, and alignment in long recordings. 

Cluster 2 focuses on user-facing artifacts such as 

notes, flashcards, tutoring interactions, and 

question generation. Cluster 3 contributes 

structured extraction and knowledge-graph 

building, but mostly from text and documents 

rather than live multimodal classroom evidence. 

Cluster 4 provides reliability mechanisms such as 

retrieval, factuality checks, self-revision, and 

grounded tutoring. Cluster 5 contributes datasets, 

benchmark suites, and evaluators that expose gaps 

in multimodal reasoning [61]-[92]. 
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Table IX provides the corrected cross-cluster 

snapshot. Two points matter especially. First, 

Cluster 2 contains much richer human or user 

evidence than the earlier draft reported: 17/20 C2 

papers include human ratings, user studies, or 

learning-oriented evidence, not 9/20. Second, 

Cluster 4 remains intentionally text-centric by 

corpus design, but that is now framed as a transfer 

toolkit layer rather than a parallel classroom 

literature. This rhetorical shift better matches what 

the cluster contributes. 

The cross-cluster picture also clarifies where the 

field is still thin. Explicit reliability mechanisms 

are rare in classroom-native clusters, board-

grounded evidence remains underrepresented 

outside perception papers, and most generation 

papers still evaluate fluency or utility more often 

than claim-level faithfulness. The implication is 

that the next generation of classroom AI systems 

should not merely improve models; they should 

integrate the pipeline stages more tightly. 

 

Figure 6. Reliability mechanisms mapped onto classroom-AI pipeline stages; C4 and C5 are interpreted as a 

transfer toolkit layer that feeds these mechanisms into classroom systems. 

Cluster Role in survey 
Dominant modality 

profile 

Explicit 

reliability 

mechanisms 

Human / 

user / 

learning 

evidence 

Primary 

contribution 

C1 

Classroom-native 

perception and 

alignment 

17/20 include video; 5/20 

include board/OCR 
0/20 12/20 

Segmentation, 

navigation, 

slide/board 

alignment 

C2 
Classroom-native 

artifact generation 

16/20 text-centric; 3/20 

slide-video linked 
1/20 17/20 

Notes, flashcards, 

tutoring, question 

generation 
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Cluster Role in survey 
Dominant modality 

profile 

Explicit 

reliability 

mechanisms 

Human / 

user / 

learning 

evidence 

Primary 

contribution 

C3 

Structured 

extraction and IR 

building 

18/20 text/document-

centric 
1/20 3/20 

Definitions, 

prerequisite 

graphs, document 

understanding 

C4 

Transfer toolkit: 

reliability and 

grounding 

20/20 text-centric by 

corpus design 
20/20 13/20 

RAG, factuality, 

self-revision, 

grounded tutoring 

C5 

Transfer toolkit: 

benchmarks and 

evaluators 

15/20 text-centric, 7/20 

video-based 
2/20 4/20 

Datasets, metric 

suites, multimodal 

evaluators 

Table IX. Corrected cross-cluster corpus snapshot derived from Appendix A. The C2 human/user/learning 

evidence count is 17/20, consistent with the paper-level coding sheet. 

VII. DATASETS, BENCHMARKS, AND 

MISSING EVALUATION 

INFRASTRUCTURE 

Existing datasets cover pieces of the problem but 

rarely the full reliability loop. Slide-enriched 

lecture corpora and alignment benchmarks help 

with segmentation and slide-speech matching [81]-

[84], while document VQA and multimodal 

benchmark suites stress visual understanding [86]-

[92]. However, no widely used benchmark captures 

the end-to-end path from noisy lecture evidence to 

cited study artifacts with claim-level verification. 

Table X therefore retains the original benchmark 

blueprints and adds an explicit mixed-evidence 

benchmark. ClassroomMM-StudyBench targets 

real classroom capture and end-to-end note 

generation. Board2Graph-STEM targets 

handwritten derivations, diagrams, and code 

structure. VerifiedNotes-QG targets instructor-

verified notes, flashcards, and question generation. 

EvidenceMix-FaithBench targets the exact 

reviewer concern that generic metrics miss: claims 

supported by a combination of ASR, board crops, 

OCR, and course resources with differing quality. 

Benchmark 
Suggest

ed scale 
Modalities Key annotations Primary tasks 

Core 

metrics 

ClassroomM

M-

StudyBench 

300–500 

lecture 

hours; 

≥20 

courses 

Video, 

audio, 

slides, 

board 

Segments; slide↔speech; board 

regions + OCR; artifact citations 

Segmentation, 

alignment, note 

generation, 

verification 

F1 / Acc, 

WER/CER

, evidence-

support 

rate, 

citation 

precision 

Board2Grap

h-STEM 

50–100 

hours 

STEM 

Board 

video/imag

es, audio 

Step boundaries, symbol 

transcripts, diagram primitives, 

provenance 

Handwriting/diag

ram parsing, 

derivation 

extraction, graph 

building 

CER, step 

F1, graph 

accuracy, 

consistenc

y checks 
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Benchmark 
Suggest

ed scale 
Modalities Key annotations Primary tasks 

Core 

metrics 

VerifiedNote

s-QG 

5k–10k 

verified 

segment

s 

Lecture 

evidence + 

course 

resources 

Instructor-verified notes, 

flashcards, questions, 

contradiction labels 

Artifact 

generation, 

tutoring, question 

generation 

Faithfulne

ss, 

pedagogic

al utility, 

human 

preference

, 

abstention 

quality 

EvidenceMix

-FaithBench 

2k–5k 

evidence 

bundles 

ASR, 

board crop, 

OCR, 

slides, 

resources 

Claim-level 

support/partial/contradiction/unve

rifiable labels plus evidence 

quality 

Mixed-evidence 

faithfulness 

evaluation 

Weighted 

evidence 

score, 

contradicti

on rate, 

calibration 

/ 

abstention 

Table X. Proposed benchmark suite, extended with an explicit mixed-evidence faithfulness benchmark. 

VIII. EVALUATION FRAMEWORK FOR 

MULTIMODAL FAITHFULNESS AND 

PEDAGOGICAL VALUE 

The evaluation framework is only useful if each 

dimension is measurable at a clear unit of analysis. 

Table XI therefore defines eight dimensions with 

explicit units and required evidence: claim 

faithfulness, citation precision, coverage, structural 

validity, robustness, uncertainty calibration and 

abstention, pedagogical utility, and reproducibility 

or reporting quality. This moves the framework 

from a broad wish list toward a reviewer-ready 

checklist. 

The most difficult case is multimodal faithfulness 

when the evidence bundle contains a noisy board 

crop, imperfect OCR, and ASR context. The 

revision makes this operational instead of purely 

conceptual. We treat each claim as paired with an 

evidence bundle, quality-score each evidence item, 

and require either one high-quality sufficient 

support item or two mutually supporting medium-

quality items. If the only support comes from low-

confidence OCR or a weak ASR span, the system 

should not be rewarded for a fluent guess; it should 

be counted as an abstention or unverifiable claim. 

Formally, for a claim c with evidence bundle E(c) 

= {e_i}, each evidence item receives a quality score 

q_i in [0,1] derived from OCR confidence, ASR 

confidence, image quality, and pointer validity. 

Annotators or automatic checkers assign s_i ∈ {1, 

0.5, 0, -1} for support, partial support, neutral, or 

contradiction. A weighted evidence score WES(c) 

= Σ_i q_i s_i / Σ_i q_i is then computed. A claim is 

counted supported only when WES(c) exceeds a 

threshold and at least one citation resolves to a 

valid local pointer. A contradiction by a high-

quality item dominates support. Claims justified 

only by low-quality evidence are scored as 

uncertainty-triggered abstentions rather than 

faithful generations. Table XII converts this logic 

into an annotation and scoring protocol. 

Dimension 
Unit of 

analysis 
Operational definition 

Primary 

metrics 

Required 

evidence 

Claim 

faithfulness 
Sentence / 

answer / 

Whether the claim is supported by a 

valid local evidence pointer 
Evidence-

support rate; 

Lecture 

and/or 
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Dimension 
Unit of 

analysis 
Operational definition 

Primary 

metrics 

Required 

evidence 

flashcard back contradiction 

rate 

resource 

evidence 

bundle 

Citation 

precision 

Citation 

bundle 

Whether cited pointers are the correct 

supporting locations 

Citation 

precision / 

recall 

Time spans, 

regions, page 

blocks 

Coverage 
Segment 

artifact 

Whether key concepts and steps are 

included 

Concept 

recall; 

missing-step 

analysis 

Instructor 

outline or 

verified target 

Structural 

validity 

Outline / 

graph / 

procedure 

Whether relations and order are 

coherent 

Graph F1; 

order 

consistency; 

schema 

validity 

Structured 

target 

representation 

Robustness 
Artifact under 

perturbation 

Stability under ASR/OCR noise, slide 

drift, or missing modalities 

Performance 

drop under 

perturbation 

Controlled 

noisy inputs 

Uncertainty 

calibration 

Claim 

decision 

Whether confidence or abstention 

tracks actual support 

ECE / Brier; 

abstention 

precision 

Support 

labels plus 

confidence 

values 

Pedagogical 

utility 

Learner 

interaction 

Whether the artifact helps study or 

comprehension 

Human 

ratings; task 

completion; 

learning gain 

User study or 

classroom 

trial 

Reproducibility 

and reporting 
System / paper 

Whether data, protocol, and auditing 

details are exposed 

Checklist 

completeness 

Query log, 

codebook, 

coding sheet, 

benchmark 

details 

Table XI. Eight-dimension evaluation framework with measurable units and required evidence. 

 

Step Annotator or checker action Decision labels Scoring rule 

1. Claim 

extraction 

Split each artifact into atomic claims that 

can be individually cited. 
claim_id No multi-claim 

sentence is scored as 
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Step Annotator or checker action Decision labels Scoring rule 

one unit. 

2. Evidence 

bundle assembly 

Collect cited ASR spans, slide blocks, 

board crops, and resource spans for each 

claim. 

bundle complete / 

incomplete 

Missing local pointer 

makes the claim 

automatically non-

faithful. 

3. Evidence 

quality scoring 

Assign q in [0,1] from OCR confidence, 

ASR confidence, image clarity, and 

pointer validity. 

high / medium / low 

quality 

Low-quality evidence 

alone cannot justify 

support. 

4. Support 

labeling 

Judge each evidence item as support, 

partial support, neutral, or contradiction. 
{1, 0.5, 0, -1} 

High-quality 

contradiction 

overrides weak 

support. 

5. Bundle 

sufficiency 

decision 

Aggregate evidence items into 

WES(c)=Σq_i s_i / Σq_i. 

supported / partial / 

contradicted / 

unverifiable / abstain 

Supported requires 

threshold plus at least 

one valid local 

citation. 

6. Artifact 

aggregation 

Aggregate claim scores to notes, 

flashcards, tutor answers, or quiz items. 

artifact faithful / 

mixed / unreliable 

Report claim-level and 

artifact-level scores 

separately. 

Table XII. Reviewer-ready protocol for multimodal faithfulness under mixed evidence (ASR + OCR + board 

crops + resources). 

IX. DEPLOYMENT CHALLENGES AND 

RESEARCH ROADMAP 

Several deployment blockers recur across clusters. 

Board capture remains hard because handwriting, 

erasure, and occlusion are exactly the conditions 

under which students most need structured support. 

Alignment remains brittle in open lecture flow 

where the instructor departs from the slide order. 

Verification is underdeveloped for STEM content 

because equations, diagrams, and code require 

different formal checks. And privacy remains a 

first-class systems concern because classroom 

capture intersects with consent, retention policy, 

and institutional governance. 

The near-term roadmap is therefore systems-

oriented. First, build evidence-rich benchmarks 

rather than only larger language models. Second, 

standardize IR schemas and verification reports so 

that outputs are portable across note generation, 

tutoring, and practice creation. Third, design 

interfaces that surface uncertainty rather than 

hiding it—e.g., note sentences that visibly show 

citation bundles and tutor answers that distinguish 

lecture-grounded from resource-grounded claims. 

Fourth, treat human correction as part of the model 

design, not as an afterthought. 

In the longer term, the field should move toward 

course-aware agents that can answer questions at 

multiple grounding levels without conflating them: 

what the instructor said, what the canonical course 

material says, and what the model infers. Reliable 

classroom AI will depend on keeping those levels 

distinct while still allowing retrieval, 

normalization, and pedagogical adaptation. 

X. CONCLUSION 

Reliable classroom AI is not just a generation 

problem. It is an evidence-management problem 

spanning capture, alignment, structured extraction, 

verification, and human review. This survey revises 

the earlier draft by making the scope sharper, the 

methodology more transparent, the IR more 
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operational, and the evaluation framework more 

measurable. 

The key message is simple: classroom AI becomes 

trustworthy only when every generated artifact can 

be traced back to the right evidence unit at the right 

granularity. That requirement turns alignment into 

the technical center of the pipeline, transforms C4–

C5 into a transfer toolkit layer for classroom 

grounding, and motivates benchmarks that expose 

mixed-evidence failure modes rather than hiding 

them behind fluent outputs. 

APPENDIX A. MASTER MAPPING OF THE 100-PAPER CORPUS 

Table A1 is the audit-oriented master mapping sheet used to derive the main-text cluster summaries. It maps 

each paper to cluster, year, short title, modality profile, main pipeline stage(s), and reliability/evaluation posture. 

Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

1 C1 2018 

A Complete 

System for 

Analysis of Video 

Lecture Based on 

Eye Tracking 

Video Alignment 
Not reported; 

Acc/F1 

2 C1 2021 

A Framework for 

Lecture Video 

Segmentation from 

Extracted Speech 

Content 

Audio, 

Video 
Segmentation 

Not reported; 

Acc/F1 or human 

study 

3 C1 2023 

A Smartphone-

Based Multi-

Functional Hearing 

Assistive System 

to Facilitate 

Speech 

Audio Capture/OCR 
Not reported; 

WER/CER 

4 C1 2020 

A Video Analytic 

In-Class Student 

Concentration 

Monitoring System 

Video Alignment 
Not reported; 

Acc/F1 

5 C1 2021 

Automated 

Detection of 

Handwritten 

Whiteboard 

Content in Lecture 

Videos for 

Summer 

Board/OCR, 

Video 

Generation and 

Capture/OCR 

Not reported; 

Acc/F1, 

ROUGE/BLEU, 

or human rating 

6 C1 2020 

Automatic 

Detection of Mind 

Wandering from 

Video in the Lab 

and in the 

Video Alignment 
Not reported; 

Acc/F1 
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Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

Classroom 

7 C1 2019 

Automatic Lecture 

Video Content 

Summarization 

with Attention-

Based Recurrent 

Neu 

Video Generation 

Not reported; 

ROUGE/BLEU 

or human rating 

8 C1 2021 

EmotionCues: 

Emotion-Oriented 

Visual 

Summarization of 

Classroom Videos 

Video Generation 

Not reported; 

ROUGE/BLEU 

or human rating 

9 C1 2024 

Fast and Accurate 

Video Analysis 

and Visualization 

of Classroom 

Activities Using 

Video Alignment 
Not reported; 

Acc/F1 

10 C1 2024 

Multimodal 

Speech 

Recognition 

Assisted by Slide 

Information in 

Classroom Scenes 

Audio, 

Slides 
Capture/OCR 

Not reported; 

WER/CER 

11 C1 2014 

Ote-OCR-Based 

Text Recognition 

and Extraction 

from Video 

Frames 

Text, Video 
Extraction, Structuring, 

Capture/OCR 

Not reported; 

Acc/F1 or human 

study 

12 C1 2016 

Usability 

Evaluation of a 

Video 

Conferencing 

System in a 

University’s 

Classroom 

Video   Capture/OCR 

Not reported; 

Acc/F1 or human 

study 

13 C1 2017 

VideoMark: A 

Video-Based 

Learning Analytic 

Technique for 

MOOCs 

Logs, Video Alignment 

Not reported; 

User/learning 

study 
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Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

14 C1 2018 

Visual Search 

Engine for 

Handwritten and 

Typeset Math in 

Lecture Videos 

and LaTeX 

Board/OCR, 

Text, Video 

Generation and 

Capture/OCR 

Not reported; 

ROUGE/BLEU 

or human rating 

15 C1 2020 

Visual 

Summarization of 

Lecture Video 

Segments for 

Enhanced 

Navigation 

Video Alignment, Generation 

Not reported; 

ROUGE/BLEU 

or human rating 

16 C1 2017 

Whiteboard Video 

Summarization via 

Spatio-Temporal 

Conflict 

Minimization 

Board/OCR, 

Video 

Generation and 

Capture/OCR 

Not reported; 

ROUGE/BLEU 

or human rating 

17 C1 2008 

Whiteboard 

Content Extraction 

and Analysis for 

the Classroom 

Environment 

Board/OCR 
Extraction, Structuring, 

Capture/OCR 

Not reported; 

Acc/F1 

18 C1 2005 

A Unified Text 

Extraction Method 

for Instructional 

Videos 

Text, Video Extraction and Structuring 

Not reported; 

Acc/F1 or human 

study 

19 C1 2014 

Automatic 

Detection of 

Handwritten Texts 

from Video 

Frames of Lectures 

Board/OCR, 

Text, Video 
Capture/OCR 

Not reported; 

Acc/F1 

20 C1 2007 

Summarization of 

Visual Content in 

Instructional 

Videos 

Video Generation 

Not reported; 

ROUGE/BLEU 

or human rating 

21 C2 2023 

Semantic 

Navigation of 

PowerPoint-Based 

Lecture Video for 

AutoNote 

Slides, 

Video 
Alignment, Generation 

Not reported; 

ROUGE/BLEU 

or human rating, 

WER/CER 
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Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

Generation 

22 C2 2019 

Lecture 2 Note: 

Automatic 

Generation of 

Lecture Notes 

from Slide-Based 

Educational 

Slides, Text, 

Video 
Generation 

Not reported; 

ROUGE/BLEU 

or human rating 

23 C2 2024 

Voicense: AI-

Powered Lecture 

Note Generation 

Tool 

Audio Generation 

Not reported; 

ROUGE/BLEU 

or human rating, 

WER/CER 

24 C2 2024 

Automatic 

Running Notes 

Generation from 

Audio Lecture 

using NLP for 

Comprehensive 

Audio, Text Generation 

Not reported; 

ROUGE/BLEU 

or human rating, 

User/learning 

study 

25 C2 2019 

A New Visual 

Interface for 

Searching and 

Navigating Slide-

Based Lecture 

Videos 

Slides, 

Video 
Generation 

Not reported; 

ROUGE/BLEU 

+ user study 

26 C2 2023 

DIRECT: Toward 

Dialogue-Based 

Reading 

Comprehension 

Tutoring 

Logs Generation 

Not reported; 

User/learning 

study 

27 C2 2022 

A Parametrized 

Comparative 

Analysis of 

Performance 

Between Proposed 

Adaptive and 

Text Generation 

Verification: 

Acc/F1, 

User/learning 

study 

28 C2 2020 

The Transition 

From Intelligent to 

Affective Tutoring 

System: A Review 

and Open 

Text Generation 

Not reported; 

User/learning 

study 
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Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

29 C2 2020 

Artificial 

Intelligence in 

Education: A 

Review 

Text Generation 

Not reported; 

ROUGE/BLEU 

+ user study 

30 C2 2022 

AI-Based 

Personalized E-

Learning Systems: 

Issues, Challenges, 

and Solutions 

Text Generation 

Not reported; 

User/learning 

study 

31 C2 2023 

EduQG: A Multi-

Format Multiple-

Choice Dataset for 

the Educational 

Domain 

Text Evaluation/Benchmark 

Not reported; 

Dataset stats + 

baseline 

32 C2 2022 

Investigating 

Educational and 

Noneducational 

Answer Selection 

for Educational Qu 

Text Generation 
Not reported; 

WER/CER 

33 C2 2023 

Mask and Cloze: 

Automatic Open 

Cloze Question 

Generation Using 

a Masked 

Language 

Text Generation 

Not reported; 

ROUGE/BLEU 

+ user study 

34 C2 2019 

Reverse SQL 

Question 

Generation 

Algorithm in the 

DB Learn 

Adaptive E-

Learning Systems 

Text Generation 

Not reported; 

User/learning 

study 

35 C2 2024 

Student-AI 

Question Co-

Creation for 

Enhancing 

Reading 

Comprehension 

Text Generation 

Not reported; 

ROUGE/BLEU 

+ user study 

36 C2 2023 Automatic 

Question 
Text Generation Not reported; 

ROUGE/BLEU 
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Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

Generation Using 

Natural Language 

Processing and 

Transformers 

+ user study 

37 C2 2025 

AI-Powered 

Automatic 

Question 

Generation for 

Teachers 

Text Generation 
Not reported; 

WER/CER 

38 C2 2025 

Utilizing Large 

Language Models 

for Developing 

Automatic 

Question 

Generation 

Text Generation 

Not reported; 

ROUGE/BLEU 

+ user study 

39 C2 2025 

Enhancing 

Assessments: A 

Comparative Study 

of T5 and BART 

Transformers for 

QG 

Text Generation 

Not reported; 

ROUGE/BLEU 

+ user study 

40 C2 2023 

FlashMe: 

Automatic 

Flashcard 

Generation 

Text Generation 

Not reported; 

ROUGE/BLEU 

+ user study 

41 C3 2019 

What Should I 

Learn First: 

Introducing 

LectureBank for 

NLP Education 

and Prerequisites 

Text Extraction and Structuring 

Not reported; 

User/learning 

study 

42 C3 2019 

Inferring Concept 

Prerequisite 

Relations from 

Online Educational 

Resources 

Text Extraction and Structuring 

Verification: 

Extraction 

F1/graph metrics 

43 C3 2020 

R-VGAE: 

Relational-

Variational Graph 

Autoencoder for 

Text Extraction and Structuring 

Not reported; 

User/learning 

study 
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Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

Unsupervised 

Prerequisite C 

44 C3 2020 

MOOCCube: A 

Large-scale Data 

Repository for 

NLP Applications 

in MOOCs 

Logs Extraction and Structuring 

Not reported; 

Extraction 

F1/graph metrics 

45 C3 2021 

Constructing an 

Educational 

Knowledge Graph 

with Concepts 

Linked to 

Wikipedia 

Text Extraction and Structuring 

Not reported; 

Extraction 

F1/graph metrics 

46 C3 2024 

ACE: AI-Assisted 

Construction of 

Educational 

Knowledge Graphs 

with Prerequisite 

Text Extraction and Structuring 

Not reported; 

Extraction 

F1/graph metrics 

47 C3 2020 

SemEval-2020 

Task 6: Definition 

Extraction from 

Free Text with the 

DEFT Corpus 

Text Extraction and Structuring 

Not reported; 

Extraction 

F1/graph metrics 

48 C3 2020 

Deep Learning-

based Extraction of 

Algorithmic 

Metadata in Full-

Text Scholarly Do 

Text Extraction and Structuring 

Not reported; 

User/learning 

study 

49 C3 2020 

SciREX: A 

Challenge Dataset 

for Document-

Level Information 

Extraction 

Text 
Evaluation/Benchmark; 

Extraction; Structuring 

Not reported; 

Dataset stats + 

baseline 

50 C3 2020 

S2ORC: The 

Semantic Scholar 

Open Research 

Corpus 

Text Extraction and Structuring 

Not reported; 

Extraction 

F1/graph metrics 

51 C3 2020 LayoutLM: Pre-

training of Text 
Text, Video Extraction and Structuring Not reported; 

Extraction 
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Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

and Layout for 

Document Image 

Understanding 

F1/graph metrics 

52 C3 2021 

LayoutLMv2: 

Multi-modal Pre-

training for 

Visually-Rich 

Document 

Understanding 

Text, Video Extraction and Structuring 

Not reported; 

Extraction 

F1/graph metrics 

53 C3 2022 

LayoutLMv3: Pre-

training for 

Document AI with 

Unified Text and 

Image Masking 

Text, Video Extraction and Structuring 

Not reported; 

Extraction 

F1/graph metrics 

54 C3 2022 

DiT: Self-

supervised Pre-

training for 

Document Image 

Transformer 

Text, Video Extraction and Structuring 

Not reported; 

Extraction 

F1/graph metrics 

55 C3 2021 

StrucTexT: 

Structured Text 

Understanding 

with Multi-Modal 

Transformers 

Text Extraction and Structuring 

Not reported; 

Extraction 

F1/graph metrics 

56 C3 2023 

Donut: Document 

Understanding 

Transformer 

without OCR 

Text Capture/OCR 

Not reported; 

Extraction 

F1/graph metrics 

57 C3 2021 

TrOCR: 

Transformer-based 

Optical Character 

Recognition with 

Pre-trained Models 

Text Capture/OCR 

Not reported; 

Extraction 

F1/graph metrics 

58 C3 2021 

DocFormer: End-

to-End 

Transformer for 

Document 

Understanding 

Text Extraction and Structuring 

Not reported; 

Extraction 

F1/graph metrics 

59 C3 2023 UDOP: Unifying Text Extraction and Structuring Not reported; 
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Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

Vision, Text, and 

Layout for 

Universal 

Document 

Processing 

Extraction 

F1/graph metrics 

60 C3 2023 

Pix2Struct: 

Screenshot Parsing 

as Pretraining for 

Visual Language 

Understanding 

Video Extraction and Structuring 

Not reported; 

Extraction 

F1/graph metrics 

61 C4 2020 

Retrieval-

Augmented 

Generation for 

Knowledge-

IntensiNLP Tasks 

Text 
Extraction, Structuring, 

Generation, Ground/Verify 

RAG/Grounding; 

Factuality 

metrics + human 

eval 

62 C4 2020 

REALM: 

Retrieval-

Augmented 

Language Model 

Pre-Training 

Text Ground/Verify 

RAG/Grounding; 

Factuality 

metrics + human 

eval 

63 C4 2020 

Dense Passage 

Retrieval for 

Open-Domain 

Question 

Answering (DPR) 

Text Ground/Verify 
RAG/Grounding; 

WER/CER 

64 C4 2021 

Leveraging 

Passage Retrieval 

with Generative 

Models for Open-

Domain Question 

Answering 

Text Ground/Verify 
RAG/Grounding; 

WER/CER 

65 C4 2020 

On Faithfulness 

and Factuality in 

Abstractive 

Summarization 

Text Generation/Ground/Verify 

Factuality: 

ROUGE/BLEU 

or human rating 

66 C4 2019 

Evaluating the 

Factual 

Consistency of 

Abstractive Text 

Summarization 

Text Generation/Ground/Verify 

Factuality: 

ROUGE/BLEU 

or human rating 
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Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

(FactCC) 

67 C4 2020 

Asking and 

Answering 

Questions to 

Evaluate the 

Factual 

Consistency of 

Summaries 

Text Ground/Verify 
Factuality; 

WER/CER 

68 C4 2021 

Understanding 

Factuality in 

Abstractive 

Summarization 

with FRANK: A 

Benchmark for 

Text 
Evaluation/Benchmark; 

Generation; Ground/Verify 

Factuality: 

Dataset stats + 

baseline, 

ROUGE/BLEU, 

or human rating 

69 C4 2022 

SummaC: Re-

Visiting NLI-based 

Models for 

Inconsistency 

Detection in 

Summarization 

Text Generation 

Factuality, 

verification, 

Acc/F1, 

ROUGE/BLEU, 

or human rating 

70 C4 2022 

TRUE: Re-

evaluating Factual 

Consistency 

Evaluation 

Text 
Evaluate/Benchmark; 

Ground/Verify 

Factuality: 

Factuality 

metrics + human 

evaluation 

71 C4 2022 

TruthfulQA: 

Measuring How 

Models Mimic 

Human Falsehoods 

Text Ground/Verify 

Reliability 

evaluation: 

Factuality 

metrics + human 

evaluation 

72 C4 2023 

HaluEval: A 

Large-Scale 

Hallucination 

Evaluation 

Benchmark for 

Large Language 

Models 

Text 
Evaluate/Benchmark; 

Ground/Verify 

Factuality: 

Dataset stats + 

baseline 

73 C4 2023 

SelfCheckGPT: 

Zero-Resource 

Black-Box 

Hallucination 

Text Ground/Verify 
Factuality: 

Acc/F1 
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Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

Detection for 

Generative Lar 

74 C4 2023 

RARR: 

Researching and 

Revising What 

Language Models 

Say, Using 

Language Models 

Text Ground/Verify 

Reliability 

evaluation: 

Factuality 

metrics + human 

evaluation 

75 C4 2024 

MiniCheck: 

Efficient Fact-

Checking of LLMs 

on Grounding 

Documents 

Text Ground/Verify 

Factuality: 

Factuality 

metrics + human 

evaluation 

76 C4 2023 

How to Build an 

Adaptive AI Tutor 

for Any Course 

Using Knowledge 

Graph-Enhanced 

Text 
Extraction, 

Structuring,   Ground/Verify 

RAG/Grounding; 

Factuality 

metrics + human 

eval 

77 C4 2023 

AI-TA: Towards 

an Intelligent 

Question-Answer 

Teaching Assistant 

Using Open 

Source 

Text Ground/Verify 
Reliability eval; 

WER/CER 

78 C4 2024 

YA-TA: Yet 

Another Teaching 

Assistant: A Case 

Study on Using 

Large Language 

Mode 

Text Ground/Verify 

Reliability 

evaluation; 

User/learning 

study 

79 C4 2024 

Improving 

Assessment of 

Tutoring Practices 

using Retrieval-

Augmented 

Generation 

Text Generation/Ground/Verify 

RAG/Grounding: 

User/learning 

study 

80 C4 2023 

Retrieval-

Augmented 

Generation to 

Improve Math 

Text Generation/Ground/Verify 
RAG/Grounding; 

WER/CER 
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Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

Question-

Answering: Trade-

offs Between 

81 C5 2023 

Lecture 

Presentations 

Multimodal 

Dataset: Towards 

Understanding 

Multimodality in 

Video Evaluation/Benchmark 

Not reported; 

Dataset stats + 

baseline 

82 C5 2024 

M3AV: A 

Multimodal, 

Multigenre, and 

Multipurpose 

Audio-Visual 

Academic 

Lectured 

Audio, 

Video 
Evaluation/Benchmark 

Not reported; 

Dataset stats + 

baseline 

83 C5 2024 

SlideSpeech: A 

Large-Scale Slide-

Enriched Audio-

Visual Corpus 

Audio, 

Slides, 

Video 

Evaluation/Benchmark 

Not reported; 

Baseline + 

metrics 

84 C5 2024 

MaViLS: a 

Benchmark 

Dataset for Video-

to-Slide 

Alignment, 

Assessing Baseline 

Acc 

Audio, 

Slides, 

Video 

Alignment; 

Evaluation/Benchmark; 

Capture/OCR 

RAG/Grounding: 

Dataset stats + 

baseline 

85 C5 2022 

Learn to Explain: 

Multimodal 

Reasoning via 

Thought Chains 

for Science 

Question A 

Text Evaluation/Benchmark 
Not reported; 

WER/CER 

86 C5 2021 

DocVQA: A 

Dataset for VQA 

on Document 

Images 

Text, Video Evaluation/Benchmark 

Not reported; 

Dataset stats + 

baseline 

87 C5 2023 
SlideVQA: A 

Dataset for 

Document Visual 

Slides, Text, 

Video 
Evaluation/Benchmark 

Not reported: 

Dataset stats + 

baseline, 
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Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

Question 

Answering on 

Multiple Images 

WER/CER 

88 C5 2022 

ChartQA: A 

Benchmark for 

Question 

Answering about 

Charts with Visual 

and Logical 

Logs, Video Evaluation/Benchmark 

Not reported: 

Dataset stats + 

baseline, 

WER/CER 

89 C5 2024 

MMMU: A 

Massive Multi-

discipline 

Multimodal 

Understanding and 

Reasoning 

Benchmark 

Text Evaluation/Benchmark 

Not reported; 

Dataset stats + 

baseline 

90 C5 2023 

MME: A 

Comprehensive 

Evaluation 

Benchmark for 

Multimodal Large 

Language Models 

Text Evaluation/Benchmark 

Not reported; 

Dataset stats + 

baseline 

91 C5 2024 

MMBench: Is 

Your Multi-modal 

Model an All-

Around Player? 

Text Evaluation/Benchmark 

Not reported; 

Baseline + 

metrics 

92 C5 2024 

VLMEvalKit: An 

Open-Source 

Toolkit for 

Evaluating Large 

Multi-Modality 

Models 

Text Evaluation/Benchmark 

Not reported; 

Baseline + 

metrics 

93 C5 2021 

SummEval: Re-

evaluating 

Summarization 

Evaluation 

Text 
Evaluation/Benchmark 

Generation 

Not reported; 

ROUGE/BLEU 

or human rating 

94 C5 2004 

ROUGE: A 

Package for 

Automatic 

Evaluation of 

Text Evaluation/Benchmark 

Not reported; 

Baseline + 

metrics 
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Ref# Cluster Year Short title Modalities Stage(s) 
Reliability & 

evaluation 

Summaries 

95 C5 2020 

BERTScore: 

Evaluating Text 

Generation with 

BERT 

Text Generation 

Not reported; 

Baseline + 

metrics 

96 C5 2021 

QuestEval: 

Summarization 

Asks for Fact-

based Evaluation 

Text 
Evaluation/Benchmark; 

Generation 

Factuality: 

ROUGE/BLEU 

or human rating 

97 C5 2022 

Towards a Unified 

Multi-Dimensional 

Evaluator for Text 

Generation 

Text Generation 

Not reported; 

Baseline + 

metrics 

98 C5 2020 

BLEURT: 

Learning Robust 

Metrics for Text 

Generation 

Text 
Evaluation/Benchmark; 

Generation 

Not reported; 

User/learning 

study 

99 C5 2021 

BARTScore: 

Evaluating 

Generated Text as 

Text Generation 

Text Generation 

Not reported; 

Baseline + 

metrics 

100 C5 2025 

MaRginalia: 

Enabling In-person 

Lecture Capturing 

and Note-taking 

Through Mixed R 

Text Generation 

Not reported; 

ROUGE/BLEU 

or human rating 

Table A1. Master mapping of the 100-paper corpus to cluster, modalities, pipeline stages, and 

reliability/evaluation evidence. 

APPENDIX B. LIGHTWEIGHT STUDY-QUALITY APPRAISAL RUBRIC 

This rubric is used for interpretive weighting only. It helps distinguish conceptually useful papers from stronger 

deployment-oriented evidence without converting the review into a formal risk-of-bias meta-analysis. 

Dimension 0 1 2 

Dataset realism 
Synthetic or weakly 

described data 

Curated or partially realistic 

data 

Real classroom or clearly 

deployment-relevant data 

Evaluation depth Single intrinsic metric only 
Intrinsic metrics plus limited 

human analysis 
Multi-level evaluation 

including human or learning 
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Dimension 0 1 2 

evidence 

Reproducibility detail 
Minimal implementation or 

data detail 

Partial task/data/method 

detail 

Clear tasks, data, baselines, 

and replicable protocol 

Reliability disclosure 
No confidence / grounding 

discussion 

Acknowledges errors or 

uncertainty qualitatively 

Explicit grounding, 

verification, abstention, or 

factuality analysis 

Table B1. Lightweight appraisal rubric used for narrative weighting. 

APPENDIX C. AUDITABILITY AND REPORTING CHECKLIST 

Auditability item Why it matters Status in this revision / action expected 

Query log and source list 
Allows readers to reconstruct 

search boundaries 

Included at the strategy level in Table I; 

full working log should accompany future 

updates. 

Eligibility and exclusion 

rules 

Prevents ad hoc corpus 

construction 

Included in Section II with relevance-

driven inclusion logic. 

Primary cluster + multi-

label coding sheet 
Makes corpus statistics auditable 

Released conceptually via Appendix A 

structure. 

Dual-screening and 

adjudication protocol 

Strengthens reproducibility of 

coding decisions 

Protocol is specified; authors should 

append observed overlap size and 

agreement statistics from working sheets if 

available. 

Quality rubric 
Separates strong evidence from 

weak deployment claims 
Included in Appendix B. 

Descriptive-count caveat 
Prevents overclaiming prevalence 

from a balanced corpus 

Explicitly stated in Section II and Table IX 

discussion. 

Table C1. Auditability checklist for future revisions or public corpus updates. 
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