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Abstract001

Understanding classroom instruction requires002
not only localizing what happens in a video,003
but also inferring why it happens: visually simi-004
lar behaviors (e.g., pointing) can serve different005
pedagogical functions under different discourse006
phases, creating profound pragmatic ambiguity.007
Yet existing video and vision-language models008
excel mainly at appearance-driven recognition009
and often lack an explicit representation of the010
relational logic that governs instructional inter-011
action. To address this gap, we introduce Ped-012
Graph, a knowledge-guided framework that013
integrates a data-driven and expert-validated014
Structured Teaching Interaction Graph (STIG)015
to represent hierarchical, multi-relational peda-016
gogical context; PedGraph injects STIG topol-017
ogy into representation learning via a structure-018
aware contrastive objective and performs global019
inference with a hierarchical relation-aware020
graph network to disambiguate event func-021
tions. We evaluate on PEA, a densely an-022
notated instructional video benchmark (15.2023
hours, 113 lessons, 32 event classes), where024
PedGraph outperforms strong baselines by025
3.4 mAP@0.5 on function-aware event de-026
tection. Code, models, and the dataset will027
be released at https://anonymous.4open.028
science/r/event-3A66/.029

1 Introduction030

Human communication is fundamentally prag-031

matic: the meaning of a communicative act is in-032

separable from its context. This is especially true033

in multimodal communication, where a non-verbal034

cue like a gesture can function as a question, a com-035

mand, or an affirmation depending on the surround-036

ing discourse. While large-scale Vision-Language037

Models (VLMs) (Radford et al., 2021; Wang et al.,038

2021; Rasheed et al., 2023) have shown success in039

recognizing isolated, visually salient actions, they040

often struggle to localize and label functionally041

ambiguous instructional events. In such cases, the042
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Figure 1: The Pragmatic Ambiguity in Instructional
Videos. Standard models output a coarse label (e.g.,
“Teacher Gesture”). Our PedGraph resolves this ambi-
guity. It leverages multimodal context and a structured
knowledge graph (STIG) to jointly detect the specific
event (e.g., “Indicative Gesture”) and infer its pedagogi-
cal function (e.g., “Attention”).

correct interpretation depends on structured dis- 043

course context (e.g., whether the moment occurs in 044

Introduction vs. Practice, and whether it follows a 045

teacher question or a student answer). 046

This difficulty stems from what we identify as 047

a profound pragmatic ambiguity in instructional 048

video understanding. As illustrated in Figure 1, 049

instructional events are defined not by their visual 050

form, but by their pedagogical function within a 051

larger discourse structure (Zhao and Liang, 2023; 052

Riordan et al., 2024). For example, the same vi- 053
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sual cue (a teacher’s pointing gesture) may direct054

attention during an Introduction segment, but in-055

vite a response when it follows a teacher question056

(or a student answer) in a Practice segment. To057

correctly interpret such events, a model must move058

beyond appearance and resolve the pragmatic func-059

tion of multimodal events within unfolding peda-060

gogical discourse. In this work, we focus on visual061

pragmatics and operationalize discourse context062

as structured interaction context (phases and re-063

lations); we intentionally treat spoken language064

as a controlled factor in the current benchmark to065

isolate the effect of pedagogical structure.066

This context-dependent nature exposes a critical067

limitation of conventional VLMs. These models068

are architecturally biased towards treating events069

as atomic and context-free units, and their training070

objectives often encourage instance-level semantic071

independence (Li et al., 2021; Weng et al., 2023),072

which can be misaligned with the inherently re-073

lational and structured logic of pedagogy (Wang074

et al., 2019). Without an explicit relational scaf-075

fold, the model is forced to rely on local appearance076

cues, making it difficult to enforce cross-event con-077

sistency at the discourse level. This creates a perfor-078

mance ceiling that conventional methods struggle079

to breach, because they cannot simultaneously (1)080

resolve pragmatic ambiguity, (2) represent the re-081

lational logic of discourse, and (3) perform global082

reasoning to produce a coherent video-level inter-083

pretation.084

To address these limitations, we introduce085

PedGraph, a knowledge-guided framework for086

pragmatic reasoning in instructional videos. At087

its core is the Structured Teaching Interaction088

Graph (STIG), a domain knowledge backbone089

constructed via reproducible data-driven mining090

followed by expert validation. STIG serves as091

an explicit relational scaffold: it encodes multi-092

level event categories and pedagogical relations093

(contains, precedes, causes) that capture the hierar-094

chical and temporal/causal structure of classroom095

discourse. Importantly, we contribute an adaptive096

STIG construction pipeline rather than a rigid tem-097

plate, allowing the graph topology to vary across098

instructional ecologies. We leverage STIG in two099

key stages that directly address the above gaps:100

(i) PSAC injects STIG topology into representa-101

tion learning to better separate functionally am-102

biguous events; and (ii) HR-GAT performs STIG-103

constrained global inference by disentangling rela-104

tion types for discourse-consistent prediction.105

Our main contributions are threefold: 106

• We formalize function-aware instructional 107

event detection as a pragmatic reasoning task, 108

and propose STIG together with a principled, 109

reproducible construction-and-validation pro- 110

tocol. 111

• We propose PSAC, a structure-aware con- 112

trastive objective that aligns visual representa- 113

tions with STIG topology to reduce pragmatic 114

ambiguity. 115

• We propose HR-GAT, a hierarchical relation- 116

aware graph network that supports global, 117

discourse-level inference by explicitly disen- 118

tangling pedagogical relations. 119

Experiments on PEA (15.2 hours, 113 lessons, 120

32 event classes) show that PedGraph achieves the 121

best performance among evaluated baselines, im- 122

proving mAP@0.5 by 3.4 points on function-aware 123

event detection. Beyond in-domain evaluation, we 124

further probe initial generalization in two settings: 125

cross-subject transfer and a pilot structural analysis 126

on unseen instructional domains. 127

2 Related Work 128

2.1 Multimodal Event Understanding 129

Vision–language models (VLMs) such as 130

CLIP (Radford et al., 2021), VideoMAE (Wang 131

et al., 2023), ActionCLIP (Wang et al., 2021), and 132

OpenV-CLIP (Weng et al., 2023) learn shared 133

embeddings that excel at recognizing visually 134

distinct “denotations,” but they struggle with 135

context-dependent pedagogical functions (Zhao 136

and Liang, 2023; Xu et al., 2025). Temporal action 137

localization methods (e.g., ActionFormer (Zhang 138

et al., 2022)) improve segment accuracy yet 139

remain blind to intent. PedGraph overcomes these 140

limitations by integrating structured pedagogical 141

knowledge to disambiguate event function. 142

2.2 Pragmatics and Discourse in Multimodal 143

Contexts 144

Discourse theories such as Rhetorical Structure 145

Theory (RST) (Chistova, 2023) formalize hierar- 146

chical relations that underlie textual coherence. In 147

multimodal communication, speech, gesture, and 148

gaze jointly convey intent (Riordan et al., 2024; 149

Wilcock and Jokinen, 2025). Computationally, 150

some methods model multimodal discourse for dia- 151

logue (Chen et al., 2023) or event detection (Shao 152
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et al., 2025), and mine generic causal relations in153

video (Chen et al., 2024, 2025). Yet these often154

lack the fine-grained, domain-specific relations cru-155

cial for pedagogy. Our STIG addresses this by156

operationalizing expert-validated, multi-type peda-157

gogical relations.158

2.3 Knowledge-Guided Reasoning159

Structured knowledge graphs (KGs) have enhanced160

NLP tasks like question answering (Lewis et al.,161

2020; Sen et al., 2023) and fact checking (Kim162

et al., 2023). In vision, graph neural networks163

(GNNs) applied to scene graphs (Zhang et al.,164

2023) and ontologies (Mavromatis and Karypis,165

2024) enable relational reasoning, but often rely on166

generic or superficial graphs ill-suited for special-167

ized domains. PedGraph departs from prior work168

by (1) building a bespoke, expert-validated peda-169

gogical KG from video, and (2) designing PSAC170

and HR-GAT to inject and exploit its rich relational171

and causal semantics.172

3 Methodology173

Problem Setup. Given a video x, we aim to predict174

a set of instructional events Y = {(sn, en, cn)}Nn=1,175

where (sn, en) are temporal boundaries and cn176

is an event label whose interpretation is context-177

dependent in pedagogy; events may temporally178

overlap due to dense classroom interactions. Our179

framework produces Y via three stages and uses an180

explicit pedagogical knowledge graph as the shared181

scaffold across stages.182

Roadmap. As illustrated in Figure 2, PedGraph183

closes the loop of our three challenges by: (i) en-184

coding pedagogical relational logic in a Structured185

Teaching Interaction Graph (STIG; Section 3.1),186

(ii) injecting this structure into representation learn-187

ing for high-recall candidate retrieval (Stage I; Sec-188

tion 3.2), and (iii) grounding candidates in local189

phase/intent context (Stage II; Section 3.3) and190

performing STIG-constrained global optimization191

to produce a coherent video-level interpretation192

(Stage III; Section 3.4).193

3.1 The Knowledge Backbone: Structured194

Teaching Interaction Graph (STIG)195

We introduce the Structured Teaching Interac-196

tion Graph (STIG), a domain-specific directed197

graph GSTIG = (V, E ,R) that makes pedagogical198

structure explicit: nodes V are event types, edges199

E are typed relations, and R denotes relation cat-200

egories. STIG serves as a reusable scaffold that201

shapes representation learning in Stage I and con- 202

strains relational reasoning in Stage III. 203

Structure. Nodes V include 5 macro-level 204

lesson phases (L1; e.g., Introduction) 205

and 27 fine-grained event types (L2; e.g., 206

verbal_question_basic) in our taxonomy 207

(Appendix A). Each edge (u, v, r) ∈ E is typed by 208

one of three pedagogical relations r ∈ R: 209

• Structural (contains): a hierarchical 210

link from an L1 phase to an L2 event 211

(e.g., Direct_Instruction contains 212

verbal_lecture). 213

• Temporal (precedes): a sequential 214

link capturing typical instructional 215

flow (e.g., Demonstration precedes 216

Interactive_Practice). 217

• Causal (causes): a functional cause-effect 218

link (e.g., expression_negative causes 219

verbal_question_advanced). 220

Construction (reproducible and leakage-free). 221

We construct STIG using training data only; all 222

thresholds and hyperparameters are selected on the 223

validation split, and the test split is never accessed 224

in graph mining or calibration. The protocol has 225

three phases with explicit outputs: (i) a Neural 226

Hawkes Process mines statistically stable precedes 227

candidates from event streams, (ii) our Pedagogical 228

Granger Causality Test (P-GCT) adds causes edges 229

only when the candidate event yields a measur- 230

able intent-prediction gain, and (iii) a double-blind 231

Delphi validation filters spurious correlations and 232

retains only pedagogically sound relations. Full 233

details and implementation are provided in Ap- 234

pendix B. 235

3.2 Stage I: Knowledge-Guided Candidate 236

Retrieval 237

Goal and output. Stage I is a high-recall retrieval 238

stage: given a video, we score densely sampled 239

sliding-window clips and output a candidate set 240

C = {(sm, em, cm, p̂m)}Mm=1 for downstream con- 241

textual grounding and global reasoning. We there- 242

fore evaluate Stage I primarily by proposal quality 243

(Recall@K and AR@100 under standard tIoU), 244

rather than final mAP, since later stages are de- 245

signed to trade recall for precision via contextual 246

grounding and global reasoning. 247

Backbone and training objective. We adopt the 248

efficient T2L architecture (Ahmad et al., 2025) for 249
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Figure 2: Overview of our multi-stage framework: The pipeline consists of three main stages. Stage I uses our PSAC
loss, guided by the STIG, to generate a high-recall pool of event candidates. Stage II enriches these candidates with
dynamic context (phase and intent) via G-FILM. Stage III constructs a STIG-informed instance graph and employs
our HR-GAT for global optimization. Finally, a post-processing step using score thresholding and Soft-NMS refines
these graph-based predictions to produce the final set of instructional events.

temporal modeling, and train it with a dual objec-250

tive:251

LStage1 = LPSAC + γLTFD, (1)252

where LTFD is the Temporal Feature Diversity loss253

in T2L and γ balances the two terms.254

Pedagogical Structure-Aware Contrastive255

(PSAC) loss. PSAC reshapes contrastive supervi-256

sion using the STIG topology. Here, each “text”257

input is a templated label prompt for an event class258

(not spoken-language transcripts). Given a batch259

of N clip–label pairs, let vi be the clip embedding260

and tk be the label-text embedding. We compute261

the clip-to-text matching distribution:262

p
(i,k)
v→t =

exp(sim(vi, tk)/τ)∑N
j=1 exp(sim(vi, tj)/τ)

, (2)263

and define a STIG-induced similarity matrix264

Mik = exp(−λ d(c(ti), c(tk))) , (3)265

where d(·, ·) is the (unweighted) shortest-path dis-266

tance on the STIG. We then form a soft target dis-267

tribution:268

q′ik =
1

Zi

(
1[i=k] + α(1− 1[i=k])Mik

)
. (4)269

Finally, PSAC minimizes the KL divergence from 270

the target to the prediction (symmetric for both 271

directions): 272

LPSAC =
1

2

(
DKL(q

′∥pv→t) +DKL(q
′⊤∥pt→v)

)
.

(5) 273

We use the unweighted shortest-path distance 274

on STIG as a simple and interpretable relatedness 275

prior, and keep all hypotheses above a threshold 276

pmin to form a high-recall pool for Stages II–III. 277

3.3 Stage II: Dynamic Contextual Grounding 278

Goal and I/O. Stage II grounds each retrieved 279

candidate in its procedural and intentional context. 280

Specifically, each candidate j ∈ C corresponds to a 281

clip segment (sj , ej) with a Stage I predicted class 282

cj and a clip embedding vj . Stage II outputs a func- 283

tional context vector zj and a context-conditioned 284

representation ṽj , which will be used as node fea- 285

tures in the Stage III instance graph. 286

Inferring procedural context (L1 phase). We 287

predict the macro lesson phase using a lightweight 288

Temporal Convolutional Network (TCN) (Bai et al., 289

2018), producing pphase ∈ R5 over the 5 L1 phases. 290

Estimating functional intent (statistical cali- 291
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brator). We define a discrete intent set I =292

{I1, . . . , IM} (Appendix A). Given (cj ,pphase),293

we compute an intent posterior by mixing phase-294

conditioned intent statistics estimated on the train-295

ing split only. Specifically, let πcj ,m ∈ R5 de-296

note the phase-conditioned intent table, where297

πcj ,m[k] = P (Im | cj , lk).298

p̃(Im | cj ,pphase) = P (Im) · p⊤
phaseπcj ,m, (6)299

300

pintent[m] =
p̃(Im | cj ,pphase)∑M

m′=1 p̃(Im′ | cj ,pphase)
. (7)301

We then form the functional context vector zj =302

[pphase∥pintent]. Because pphase and pintent cap-303

ture function-level pedagogy rather than subject-304

specific content, this calibration signal tends to be305

more stable under cross-subject shifts, which we306

further analyze in our transfer experiments.307

Feature recalibration with G-FILM. We use zj to308

generate feature-wise modulation parameters and309

recalibrate vj via G-FILM (Peng et al., 2022). We310

partition vj into K groups; for each group k, an311

MLP gk(·) maps zj to (γj,k,βj,k):312

ṽj,k = γj,k ⊙ vj,k + βj,k. (8)313

Stage II is lightweight by design: it preserves314

Stage I recall while injecting a minimal, inter-315

pretable notion of phase and intent, preparing can-316

didates for STIG-constrained global reasoning in317

Stage III.318

3.4 Stage III: Global Relational Reasoning319

Goal and output. Stage III produces the final320

event set Y by enforcing global pedagogical co-321

herence over the context-conditioned candidates322

from Stage II. Given candidate segments (sj , ej)323

with features ṽj (optionally concatenated with zj),324

we jointly refine class scores and temporal bound-325

aries, and this final stage is evaluated by standard326

detection metrics (mAP at tIoU thresholds).327

STIG-informed instance graph. We construct a328

directed instance graph Ginst = (Vinst, Einst), where329

each node corresponds to a Stage II candidate. An330

edge (k→ j) is added if (i) the two segments are331

temporally adjacent within ∆t, and (ii) their pre-332

dicted event classes are connected by a STIG rela-333

tion type (contains, precedes, or causes), yielding334

a sparse but semantically grounded reasoning struc-335

ture.336

HR-GAT message passing. Standard GATs are337

relation-blind. HR-GAT disentangles message338

passing by relation type: causal edges act as 339

strong, directed functional constraints (via a gated 340

message), while temporal/structural edges provide 341

softer discourse context (via relation-aware atten- 342

tion). This design operationalizes the STIG’s rela- 343

tional logic and prevents dense temporal adjacency 344

from overwhelming sparse but informative causal 345

dependencies. 346

Prediction and inference. We apply a multi- 347

task head on h
(L)
j to predict (i) class probabilities 348

and (ii) boundary refinements, trained with cross- 349

entropy and Smooth L1 losses, respectively. At 350

inference time, we filter low-confidence detections 351

and apply Soft-NMS to merge redundant proposals 352

while preserving temporally proximal events. 353

Connection to the three challenges. Together, 354

Stage I resolves pragmatic ambiguity at the repre- 355

sentation level, Stage II grounds candidates in local 356

procedural/intentional context, and Stage III per- 357

forms global reasoning by explicitly operationaliz- 358

ing the STIG’s relational logic to produce a coher- 359

ent video-level interpretation. 360

4 Experiments 361

Goal. We evaluate PedGraph on PEA with stan- 362

dard TAL metrics, reporting both proposal quality 363

(R@k, AR@100; Stage I) and final detection accu- 364

racy (mAP; Stages II–III). 365

4.1 PEA Dataset and Task Challenges 366

Scope and controlled variables. PEA contains 367

113 classroom lessons (15.2 hours) with over 368

10,000 densely annotated event instances under 369

a two-level taxonomy of 32 event classes. We 370

split the data by teacher and classroom into train/- 371

val/test (70%/12%/18%) to prevent leakage. Fol- 372

lowing a controlled-variable design, the language 373

of instruction is fixed to Mandarin Chinese (na- 374

tive speakers), allowing us to isolate pedagogical 375

pragmatics from linguistic variation. Subject cover- 376

age includes Mathematics (65 lessons, 57.5%) and 377

Information Technology (48 lessons, 42.5%). 378

Why PEA is challenging. PEA reflects real class- 379

room complexity with three properties that directly 380

motivate our design: (1) temporal density and 381

overlap: events frequently overlap (1.4 concurrent 382

events on average), making multi-event reasoning 383

essential; (2) a long-tail distribution, where rare 384

but function-critical events often require context 385

from frequent head events; and (3) co-occurrence 386
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Item PEA

Language Mandarin Chinese (controlled variable)
Subjects Math 65 (57.5%), InfoTech 48 (42.5%)
Scale 113 lessons, 15.2 hours, >10k instances
Label space 32 classes (L1+L2 hierarchy)
Split Teacher/classroom split: 70/12/18
Overlap 1.4 concurrent events on average
Agreement Fleiss’ Kappa 0.78 (10% double-coded)

Table 1: PEA scope and key properties.

structure (e.g., gestures contained within lectures),387

violating the independence assumptions of flat per-388

clip classifiers. Annotation reliability is ensured389

via 10% cross-annotation with Fleiss’ Kappa of390

0.78.391

4.2 Experimental Setup and Fair392

Comparisons393

Metrics. We report mAP at tIoU 0.5/0.3 for final394

detection quality, and Recall@k (k=5,10,50) plus395

AR@100 for proposal quality.396

Baselines. We evaluate three baseline groups:397

(1) Zero-shot generative VLMs (VideoLLaMA-7B,398

VideoChatGPT-7B; marked with *), (2) Fine-tuned399

recognition/TAL baselines (TimeSformer, Video-400

MAE, ActionCLIP, EZ-CLIP, InternVL, Action-401

Former), and (3) our variants. InternVL is fine-402

tuned on PEA to strengthen baseline coverage.403

Implementation. All fine-tuned results are re-404

ported as mean±std over 5 runs. To preempt con-405

cerns that VLMs underperform only due to im-406

precise boundaries, we additionally evaluate them407

under very loose tIoU thresholds (Section 4.6). Hy-408

perparameters and prompts are provided in Ap-409

pendix D.3.410

4.3 Main Results411

Quantitative results. PedGraph achieves the412

best overall performance, improving both proposal413

quality and final mAP. Compared to a strong TAL414

baseline (ActionFormer), PedGraph yields higher415

mAP@0.5 while keeping AR@100 competitive,416

suggesting that gains stem from resolving context-417

dependent ambiguity rather than aggressive post-418

processing.419

4.4 Generalization: Cross-subject Transfer420

and Structural Pilot421

Cross-subject transfer. To test whether STIG-422

induced structure overfits subject-specific visual423

artifacts, we conduct leave-one-subject-out transfer:424

training on one subject and evaluating on the other 425

unseen subject. 426

Pilot structural generalization. To probe 427

broader subject regimes beyond the two STEM 428

classes in PEA, we run a pilot study on newly 429

collected History (discussion-heavy) and Physics 430

(lab-demo) videos. We extract their event transition 431

matrices and compare them with the PEA-induced 432

structure, obtaining a cosine similarity of 0.81, 433

suggesting that the pedagogical backbone is 434

largely reusable while allowing topology to 435

adapt to different classroom ecologies. (For this 436

pilot, we collected approximately 3 hours of 437

videos and extracted event sequences to build 438

a row-normalized transition matrix over event 439

types; due to limited pilot annotations, we report 440

structural similarity as a lightweight proxy and 441

leave full cross-domain detection evaluation to 442

future work; see Appendix E.5.) 443

4.5 Ablations: Why Hierarchy and Graph 444

Matter 445

Component and hierarchy ablations. We ab- 446

late STIG, HR-GAT, and PSAC, and include a 447

hierarchy-removal variant (PedGraph-Flat) to iso- 448

late the necessity of the L1/L2 taxonomy. 449

Interpretation. Removing STIG causes the 450

largest drop, confirming that explicit pedagogical 451

relations are critical for this task. PedGraph-Flat 452

performs substantially worse than the full model, 453

indicating that hierarchical decomposition is not 454

cosmetic but essential for resolving pragmatic am- 455

biguity in dense, overlapping instructional interac- 456

tions. 457

4.6 LLM Fairness: Loose tIoU Evaluation 458

Are LLMs only bad at boundaries? A frequent 459

concern is that generative VLMs may capture the 460

correct event semantics but fail to localize precise 461

temporal boundaries. To factor out boundary sen- 462

sitivity, we re-evaluate zero-shot VLM baselines 463

under very loose thresholds (tIoU 0.2/0.1), where 464

coarse overlap is sufficient for a true positive. 465

Implication. Even at tIoU 0.1, PedGraph retains 466

a large absolute margin over the best zero-shot 467

VLM baseline. This result indicates that the perfor- 468

mance gap cannot be explained solely by boundary 469

regression errors, but is also consistent with miss- 470

ing or incorrect pragmatic intent inference in the 471

absence of explicit pedagogical structure. 472
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Method R@5 R@10 R@50 AR@100 mAP@0.5 mAP@0.3

VideoLLaMA-7B* 11.2 27.6 40.2 28.9 18.3 29.1
VideoChatGPT-7B* 13.1 28.2 40.7 30.2 19.8 30.5

TimeSformer 14.8±0.3 31.0±0.4 43.8±0.4 31.1±0.5 21.6±0.3 32.4±0.4

VideoMAE 19.1±0.4 33.9±0.5 47.3±0.5 37.5±0.6 24.5±0.4 35.8±0.5

ActionCLIP 19.4±0.5 34.6±0.5 48.9±0.6 40.2±0.6 26.8±0.5 38.1±0.6

EZ-CLIP 20.3±0.4 35.5±0.6 50.1±0.6 41.8±0.7 27.4±0.5 39.2±0.6

InternVL 21.1±0.4 38.6±0.5 54.4±0.6 43.6±0.7 27.9±0.6 42.2±0.6

ActionFormer 21.5±0.4 39.9±0.5 54.1±0.6 45.8±0.7 28.2±0.6 41.9±0.6

Ours (ViT-B/32, 8-frame) 21.8±0.3 40.9±0.4 54.7±0.5 45.8±0.6 29.7±0.5 43.8±0.5

Ours (ViT-B/16, 8-frame) 22.1±0.3 41.4±0.4 55.2±0.5 46.9±0.6 30.4±0.5 44.5±0.5

Ours (ViT-B/16, 16-frame) 22.6±0.3 42.1±0.4 56.0±0.5 47.8±0.6 31.6±0.5 45.5±0.6

Table 2: Main comparison on PEA. We report proposal quality (R@k, AR@100; Stage I) and final detection
accuracy (mAP; Stages II–III). *Zero-shot evaluation.

Train Test mAP@0.5 mAP@0.3 R@5 Ret.

Mixed All 31.6 45.5 22.6 100
Math only InfoTech 27.2 39.2 19.5 86.1
InfoTech only Math 25.4 36.6 18.2 80.4

Table 3: Leave-one-subject-out transfer on PEA.
Ret.:retention w.r.t. Mixed→All at mAP@0.5.

Variant mAP@0.5

Full PedGraph 31.6
w/o STIG 26.7
w/o HR-GAT 28.5
w/o PSAC 30.1
HR-GAT w/o Causal Rel. 29.5
HR-GAT w/o Temp./Struct. Rel. 29.2

PedGraph-Flat (remove hierarchy) 24.7

Table 4: Ablation results (single-column).

4.7 Qualitative and Human Evaluation473

Qualitative analysis: resolving pragmatic am-474

biguity. We examine a representative ambiguity475

case where the teacher first asks a question and then476

produces a visually identical pointing gesture. Al-477

though the gesture resembles a common indicative478

motion (e.g., pointing at the board), its pedagogical479

function is interactive (inviting a student response).480

The strong flat TAL baseline (ActionFormer) de-481

faults to the frequent label gesture_indicator, while482

PedGraph correctly predicts gesture_interactive by483

leveraging the preceding verbal_question context484

and the corresponding STIG causal links during485

HR-GAT reasoning. Additional success and failure486

cases are provided in Appendix E.2.487

Human study: perceived coherence and use-488

fulness. We conducted a controlled human eval-489

uation with ten in-service K–12 teachers, who490

Model 0.5 0.3 0.2 0.1

VideoLLaMA-7B* 18.3 29.1 33.5 37.2
VideoChatGPT-7B* 19.8 30.5 35.2 38.6
PedGraph (Ours) 31.6 45.5 52.2 56.5

Table 5: mAP under loose tIoU thresholds (*zero-shot).

rated prediction timelines on five criteria (Temporal 491

Boundaries, Correctness, Detail Sensitivity, Con- 492

text Awareness, and Overall Consistency) using 493

a 1–5 Likert scale in a double-blind, randomized 494

setup. As shown in Table 2, PedGraph receives 495

higher ratings than all baselines, with particularly 496

strong gains on Context Awareness and Detail Sen- 497

sitivity, suggesting that its structured reasoning bet- 498

ter aligns with human pedagogical interpretation. 499

The full protocol (sampling, blinding, and relia- 500

bility analysis), along with a typical failure mode 501

under extreme long-tail scarcity, is provided in Ap- 502

pendix E.4. 503

5 Conclusion 504

We first study function-aware instructional event 505

detection and define it as resolving pragmatic am- 506

biguity under pedagogical discourse context. We 507

then examine why appearance-centric MLLMs and 508

flat temporal models struggle to enforce globally 509

coherent, interpretable predictions without an ex- 510

plicit relational scaffold. To mitigate, we propose 511

PedGraph, which integrates a pedagogical knowl- 512

edge graph (STIG) with structure-aware contrastive 513

learning and a hierarchical graph network, and em- 514

pirically validate its effectiveness across the evalu- 515

ated baselines while leaving lightweight architec- 516

tures and cross-domain transfer as future work. 517
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Limitations518

Modality Scope. Our current framework, while519

powerful, relies primarily on visual and structural520

cues. A primary limitation and a significant av-521

enue for future work is the integration of the spo-522

ken language modality. Fusing automatic speech523

recognition (ASR) transcripts would provide a rich,524

explicit stream of semantic information, likely of-525

fering powerful signals for disambiguating the func-526

tion of co-occurring events and further bridging the527

pragmatic gap we identify.528

Scalability of Knowledge Construction. While529

our STIG construction methodology is principled530

and reproducible, it requires domain expertise for531

the final validation phase. Applying PedGraph532

to new domains (e.g., medical training, sports533

coaching) would necessitate a new cycle of data534

collection and expert validation, posing a chal-535

lenge for rapid, large-scale generalization. Future536

work could investigate semi-supervised or few-shot537

methods for adapting the STIG to new domains538

with minimal expert intervention.539

Computational Cost. The multi-stage nature of540

PedGraph prioritizes accuracy and interpretability541

over computational efficiency. The current infer-542

ence time, as detailed in the appendix, makes it543

suitable for detailed offline analysis but not for real-544

time feedback applications. Exploring model distil-545

lation or unified end-to-end architectures to create546

more lightweight versions is a valuable direction547

for future research.548

Ethical Considerations549

Human subjects and privacy. Our work analyzes550

real-world classroom videos, which may contain551

identifiable individuals and sensitive contextual552

information. We emphasize that any data collec-553

tion and release must follow institutional and le-554

gal requirements, and that the dataset should be555

distributed under appropriate access controls and556

usage agreements when full public release is not557

feasible.558

Risk of misuse in high-stakes evaluation. Al-559

though our goal is to support educational research560

and formative feedback, automated analysis of561

teaching behaviors could be misapplied for summa-562

tive, high-stakes evaluation (e.g., ranking teachers)563

without sufficient context. We therefore position564

PedGraph as a descriptive tool rather than an au-565

tomated decision-making system, and we recom-566

mend that any deployment include human over-567

sight, clear documentation of error modes, and 568

safeguards against over-interpretation. 569

Bias and representational limitations. Model 570

outputs may reflect biases present in the training 571

data, such as subject coverage, teaching styles, 572

classroom settings, or demographic factors not con- 573

trolled in the benchmark. Users should be cautious 574

when generalizing findings to new populations or 575

instructional contexts, and future work should ex- 576

pand coverage and report subgroup-level analyses 577

when metadata permits. 578

Transparency and accountability. To support re- 579

sponsible use, we provide detailed protocols for 580

data splitting and leakage prevention, and we docu- 581

ment the STIG construction procedure and evalua- 582

tion settings so that limitations and assumptions are 583

explicit. We also encourage reporting uncertainty 584

and failure cases when presenting model predic- 585

tions in downstream analyses. 586
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This appendix provides supplementary material704

to ensure the clarity, depth, and reproducibility of705

our work. It is structured as follows: Section A706

provides formal definitions for all key terms and707

notations. Section B details the construction of our708

knowledge backbone, the STIG. Sections C and D709

provide exhaustive implementation details for all710

stages of our model. Section E contains additional711

experimental results and analyses. Finally, Section712

F provides a complete reproducibility statement.713

A Definitions, Notation, and Event714

Taxonomy715

To ensure clarity for a broad audience, we formally716

define all key terms, event classes, and mathemati-717

cal notations used throughout the paper in Table 6.718

B STIG Construction: Full Protocol719

The STIG is constructed via a principled, three-720

phase protocol performed exclusively on the train-721

ing set to prevent any data leakage. This pro-722

cess, inspired by recent advances in causal dis-723

covery (Chen et al., 2024), combines data-driven724

mining with expert validation to ensure pedagogi-725

cal soundness and reproducibility.726

B.1 Temporal Relation Mining727

To discover statistically significant sequential pat-728

terns (precedes relations), we model the L2 event729

stream as a multivariate temporal point process.730

Neural Hawkes Process (NHP). We employ a731

Neural Hawkes Process, whose conditional inten-732

sity function for an event of type k at time t is733

defined as:734

λk(t) = f(hk(t)) (9)735

where the history embedding hk(t) is computed by736

an RNN that processes the sequence of preceding737

events {(ei, ti) | ti < t}. This allows the model738

to capture complex, non-linear temporal depen-739

dencies. The model is trained by maximizing the740

log-likelihood of observing the ground-truth event741

sequence.742

Edge Extraction. After training, to determine if743

event type i precedes type j, we compute the in-744

fluence score by simulating the change in intensity745

λj(t) immediately after an occurrence of event i.746

If this influence score exceeds a threshold θNHP,747

an edge (i, j, precedes) is created. θNHP is set to748

the 80th percentile of all non-zero influence scores,749

determined on the validation set.750

Term / Symbol Definition

Core Concepts
PEA Dataset Our Pedagogical Events in Action

dataset.
Function-Aware
Detection

The task of detecting an event’s class,
boundaries, and its underlying peda-
gogical function.

L1 Phases
Introduction Lesson opening; activities to motivate

and introduce topics.
Direct_Instruction Core teaching segment; teacher-led ex-

planation of concepts.
Demonstration Teacher shows how to perform a task

or solve a problem.
Interactive_PracticeStudent-centric segment for exercises

or hands-on tasks.
Summary Concluding segment reviewing key

points.

L2 Events (Representative Examples)
Verbal verbal_lecture, verbal_question_basic,

verbal_praise, verbal_criticism, ver-
bal_instruction, etc.

Non-Verbal gesture_indicator, gesture_descriptive,
expression_positive, posi-
tion_blackboard, technol-
ogy_resource_display, etc.

(Note: Full taxonomy includes 27 L2 events.)

Mathematical Notation
GS = (V, E ,R) The STIG, our knowledge backbone,

with nodes V , edges E , and relation
types R.

r ∈ R A relation type in GS : contains ,
precedes , or causes .

d(ci, ck) Shortest path distance between class
nodes ci, ck in GS .

Im ∈ I A pedagogical intent from the set of
M defined intents.

pphase Probability distribution over L1 phases
from the TCN.

LPSAC Our Pedagogical Structure-Aware
Contrastive loss.

γ, α, λ, τ Key hyperparameters for Stage I train-
ing.

gkj The scalar Causal Gate value in our
HR-GAT.

∆t Temporal window size for instance
graph construction.

Table 6: Consolidated glossary of terms, event classes,
and symbols.

B.2 Causal Relation Mining 751

To infer functional cause-and-effect links (causes), 752

we adapt the logic from (Chen et al., 2024) to our 753

domain with a Pedagogical Granger Causality Test 754

(P-GCT), detailed in Algorithm 1. 755

P-GCT Protocol. The core idea is to test whether 756

a candidate cause event C provides additional pre- 757

dictive information for a subsequent target event 758

I , beyond the information already available from 759

the broader context (i.e., the current L1 phase). We 760
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train a lightweight intent prediction model fpredict761

(a 2-layer Transformer encoder) to predict the oc-762

currence of I in a future time window. We com-763

pare two variants: one that sees the features of C764

(fC
predict) and one that does not (f¬C

predict).765

Algorithm 1: Pedagogical Granger Causality Test
(P-GCT)

1: Input: Training set event sequences, candidate
cause event class C, target event class I .

2: Initialize intent prediction model fpredict.
3: Train Baseline Model: Train f¬C

predict to predict
I using only general context (e.g., L1 phase
features).

4: Train Causal Model: Train fC
predict to predict

I using general context and features from oc-
currences of C.

5: Compute F1 scores for both models on the
validation set: F1¬C and F1C .

6: Calculate the performance gain: ∆F1 =
F1C − F1¬C .

7: Determine the optimal F1 gain threshold θF1

on the validation set.
8: if ∆F1 > θF1 then
9: Add edge (C, I, causes) to the candidate

graph with weight wcausal ∝ ∆F1.
10: end if

Thresholding. In our implementation, θF1 is set766

to 0.08 based on validation tuning, to retain only767

pairs with a meaningful predictive relationship.768

B.3 Expert-in-the-Loop Validation769

All edges mined from the data-driven phases un-770

dergo a final validation to ensure pedagogical771

soundness.772

Delphi Protocol. We employed a two-round,773

double-blind Delphi protocol with two educational774

science experts (Ph.D. level, >5 years experience).775

In Round 1, experts independently rated each776

mined edge on a 5-point Likert scale for Peda-777

gogical Soundness (1: Unrelated, 3: Plausible, 5:778

Strongly Justified). In Round 2, they were shown779

the anonymized rating and justification from the780

other expert and could revise their score.781

Edge Retention. An edge was retained in the782

final STIG only if its average final score was≥ 4.0.783

This process prunes spurious correlations, yielding784

the final, sparse, and interpretable graph whose785

statistics are shown in Table 7.786

Relation Type Nodes Edges Graph Density

contains 32 35 0.035
precedes 32 68 0.068
causes 32 41 0.041

Total (Unique Edges) 32 144 0.14

Table 7: Final statistics of the constructed STIG after
all three phases, showing a sparse and structured graph.

C Detailed Implementation of the 787

PedGraph Pipeline 788

This section details the implementation of all three 789

stages in PedGraph for reproducibility. Following 790

the main paper, we keep a unified feature dimen- 791

sion of 512 throughout the pipeline, matching the 792

CLIP ViT-B/16 embedding size and the T2L fea- 793

ture interface used in Stage I. 794

C.1 Stage I: PSAC Loss and Candidate 795

Retrieval 796

Stage I trains a temporal model with the objec- 797

tive LStage1 = LPSAC + γLTFD, where LTFD is the 798

Temporal Feature Diversity loss from T2L (Ahmad 799

et al., 2025). 800

PSAC construction. PSAC minimizes the KL- 801

divergence between the predicted clip-to-text dis- 802

tribution and a STIG-induced soft target. We con- 803

struct the STIG similarity matrix and the soft target 804

as: 805

Mik = exp(−λ d(ci, ck)) (10) 806

q′ik =
1[i=k] + α(1− 1[i=k])Mik

Zi
(11) 807

Zi = 1 + α
∑
k ̸=i

Mik. (12) 808

where d(ci, ck) is the (unweighted) shortest-path 809

distance on GSTIG, λ is a decay parameter, and α 810

controls target softness. 811

Hyperparameters. Unless otherwise specified, 812

we use γ = 0.1, α = 0.2, λ = 0.5, and a learnable 813

temperature τ initialized as 0.07. We tune Stage 814

I clip generation parameters (window/stride and 815

positive/negative tIoU thresholds) on the validation 816

split. 817

Sensitivity analysis protocol. To avoid con- 818

founding factors, Tables 8 and 9 report valida- 819

tion performance under a fixed backbone and fixed 820

downstream settings, and we select hyperparame- 821

ters by end-to-end mAP@0.5 (Stages I–III) while 822
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keeping the main paper’s proposal-quality metrics823

(Recall@K, AR@100) for Stage I analysis.824

Window/Stride (s) tIoU Thresh. (pos/neg)

Value mAP@0.5 Value mAP@0.5

1 / 0.5 28.9 0.5 / 0.1 29.7
3 / 1 30.1 0.35 / 0.1 29.8
5 / 1 29.6 0.25 / 0.08 30.1
5 / 2 29.0 0.15 / 0.05 29.2

Table 8: Validation sensitivity analysis for Stage I clip
generation hyperparameters, reported by end-to-end
mAP@0.5 under fixed settings.

Loss Weight γ Softness α Decay λ

Value mAP@0.5 Value mAP@0.5 Value mAP@0.5

0.01 29.3 0.1 29.8 0.2 29.9
0.1 30.1 0.2 30.1 0.5 30.1
0.5 29.7 0.4 29.5 1.0 29.6
1.0 29.2 0.6 29.1 2.0 28.9

Table 9: Validation sensitivity analysis for PSAC hy-
perparameters, reported by end-to-end mAP@0.5 under
fixed settings.

C.2 Stage II: Dynamic Contextual Grounding825

Phase predictor (TCN). The TCN for L1 phase826

prediction has 3 layers with kernel size 3 and dila-827

tion factors (1, 2, 4), outputting pphase ∈ R5.828

Intent posterior (statistical calibrator). Let829

πc,m ∈ R5 denote the phase-conditioned intent830

table estimated on the training split only, where831

πc,m[k] = P (Im | c, lk). Given a Stage I class pre-832

diction cj and phase posterior pphase, we compute:833

p̃(Im | cj ,pphase) = P (Im) · p⊤
phaseπcj ,m (13)834

pintent[m] =
p̃(Im | cj ,pphase)∑
m′ p̃(Im′ | cj ,pphase)

(14)

835

We then form the context vector zj =836

[pphase∥pintent].837

G-FILM. We partition the 512-dim visual fea-838

ture vj into K = 4 groups. For each group k,839

an MLP gk(·) maps zj to modulation parameters840

(γj,k, βj,k), and applies:841

ṽj,k = γj,k ⊙ vj,k + βj,k. (15)842

C.3 Stage III: Global Relational Reasoning 843

(HR-GAT) 844

We use an HR-GAT with L = 3 layers and 4 atten- 845

tion heads. The input/output node feature dimen- 846

sion is 512. 847

Relation-aware attention for temporal/struc- 848

tural edges. For temporal/structural neighbors, 849

we compute attention scores with a standard GAT- 850

style compatibility function: 851

ekj = LeakyReLU
(
a⊤

[
h
(l)
k,att∥h

(l)
j,att∥rts

])
,

(16)

852

αkj = softmaxk∈Nts(ekj), (17) 853

where rts is a learned embedding shared by tempo- 854

ral/structural relations, and h·,att is a linear projec- 855

tion of h(l). 856

Algorithm 2: HR-GAT Forward Pass (Single
Layer)

1: Input: Node features H(l), STIG-derived in-
stance graph Ginst

2: Output: Updated node features H(l+1)

3: Hval ← H(l)WT
val, Hatt ← H(l)WT

att
4: for all node j ∈ Vinst do
5: mcausal ← 0, mts ← 0
6: Ncausal ← causal neighbors of j
7: Nts ← temporal/structural neighbors of j
8: for all neighbor k ∈ Ncausal do
9: gkj ← σ(Wgate[h

(l)
k ∥rcausal]) · wcausal

kj

10: mcausal ←mcausal + gkj · hk,val
11: end for
12: Compute ekj for k ∈ Nts using Eq. 17
13: Normalize (αkj) ← softmax(ekj) over

k ∈ Nts
14: for all neighbor k ∈ Nts do
15: mts ←mts + αkj · hk,val
16: end for
17: h

(l+1)
j ← LayerNorm(h

(l)
j WT

self +
mcausal +mts)

18: end for
19: return H(l+1)

D Experimental Setup and Evaluation 857

Metrics 858

D.1 The PEA Dataset 859

Scope and controlled variables. PEA contains 860

113 real-world classroom lessons (15.2 hours) un- 861

der a two-level taxonomy of 32 classes, spanning 862
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Figure 3: Distribution of training instances in PEA. (a) High-frequency classes. (b) Long-tail low-frequency classes.

Figure 4: Temporal distribution of L2 event durations in PEA.

Mathematics (65 lessons) and Information Technol-863

ogy (48 lessons). Following the controlled-variable864

design in the main paper, the language of instruc-865

tion is fixed to Mandarin Chinese.866

Annotation protocol and quality assurance.867

We use a structured annotation manual and annota-868

tor training procedure to ensure label consistency. 869

To measure inter-annotator agreement (IAA), we 870

double-annotate a 10% subset of the data before 871

adjudication and compute Fleiss’ Kappa; the score 872

is 0.78, indicating substantial agreement. Disagree- 873

ments in the double-annotated subset are resolved 874
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Figure 5: Heatmap of event co-occurrence in PEA.

by a senior adjudicator, and we perform periodic875

spot-checks during the annotation process to main-876

tain quality.877

Data splits and leakage prevention. We split the878

dataset by teacher and classroom into train/val/test879

= 70%/12%/18% to avoid leakage across splits.880

For reference, this corresponds to approximately881

80/13/20 lessons (rounded to integers).882

Key statistical challenges. PEA exhibits a long-883

tail class distribution (Figure 3), large tempo-884

ral variance of event durations (Figure 4), and885

strong event co-occurrence dependencies (Fig-886

ure 5), which motivate our multi-stage, graph-based887

modeling.888

HR-GAT Layers L Attention Heads
Value mAP@0.5 Value mAP@0.5

1 29.8 1 29.5
2 30.0 2 29.9
3 30.1 4 30.1
4 29.9 8 29.6

Table 10: Validation sensitivity analysis for HR-GAT ar-
chitecture (end-to-end mAP@0.5 under fixed settings).

D.2 Evaluation Protocol and Metrics 889

Temporal Intersection over Union (tIoU). For 890

a predicted segment P and a ground-truth segment 891

G, we define: 892

tIoU(P,G) =
length(P ∩G)

length(P ∪G)
. (18) 893
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A prediction is a true positive if it has the correct894

class label and its tIoU with a matched ground-truth895

instance exceeds the specified threshold.896

Mean Average Precision (mAP). We report897

mAP at tIoU thresholds 0.5 and 0.3 as the primary898

detection metrics, consistent with the main paper.899

Proposal-quality metrics (R@k, AR@100). To900

evaluate candidate proposals from Stage I, we re-901

port Recall@k (k=5,10,50) and AR@100 under902

standard tIoU thresholds, consistent with the main903

paper.904

D.3 Configuration, Training, and Inference905

Details906

Model configuration. Table 11 summarizes the907

hyperparameters used in our final model configura-908

tion. All feature dimensions are set to 512 through-909

out the pipeline.910

Component Parameter Value

General Optimizer AdamW
Base Learning Rate 1e-4
Weight Decay 1e-5
Batch Size 32
Total Epochs 50

PSAC Loss γ (TFD weight) 0.1
(Stage I) α (softness) 0.2

λ (decay) 0.5
τ (temperature) 0.07 (learnable)

Context Model TCN Layers 3
(Stage II) TCN Kernel Size 3

G-FILM Groups (K) 4

HR-GAT GNN Layers (L) 3
(Stage III) Attention Heads 4

Adjacency Window (∆t) 8s

Post-processing Soft-NMS σ 0.5
Soft-NMS tIoU 0.5

Table 11: Key hyperparameters and configuration of the
PedGraph model.

Hardware and software. All experiments were911

conducted on a server equipped with an Intel Xeon912

Gold 6248R CPU, 1x NVIDIA A6000 (48GB), and913

2x NVIDIA RTX 3090 (24GB), running Ubuntu914

20.04, PyTorch 1.12.1, and CUDA 11.3.915

Training and inference time. End-to-end train-916

ing on the PEA training set takes approximately 28917

hours on a single NVIDIA A6000 GPU. For a typ-918

ical 10-minute classroom video (8 fps), inference919

takes approximately 19 minutes on the same hard-920

ware, broken down into Stage I (12 min), Stage II921

(1.5 min), and Stage III (5.5 min).922

E Additional Experimental Results And 923

Analysis 924

This section provides supplementary analyses that 925

complement the main experimental results. We of- 926

fer a deeper quantitative and qualitative dissection 927

of our ablation studies and provide visual evidence 928

to make the model’s behavior concrete and intu- 929

itive. 930

E.1 Per-Class Performance Analysis in 931

Ablation Study 932

While the main text summarizes the overall impact 933

of our components, this section provides a fine- 934

grained, per-class analysis to reveal where these 935

components have the most impact. Table 12 shows 936

the Average Precision (AP) for a few representative 937

event classes under different ablation settings. 938

Model Variant G-Interact V-Ques-Adv V-Lecture

Full PedGraph 25.8 30.1 45.2

w/o STIG 15.3 26.5 43.1
w/o HR-GAT 22.1 25.4 44.8
w/o PSAC Loss 23.5 28.9 44.5

Table 12: Per-class AP for representative events under
ablation. G-Interact refers to gesture_interactive,
V-Ques-Adv to verbal_question_advanced, and V-
Lecture to verbal_lecture.

This detailed view reveals critical insights: 939

• STIG and ambiguous gestures: Re- 940

moving the STIG is most catastrophic 941

for functionally ambiguous classes like 942

gesture_interactive, causing a large drop 943

in AP. This supports that the knowledge back- 944

bone is crucial for resolving pragmatic ambi- 945

guity when visual cues alone are insufficient. 946

• HR-GAT and relational events: The per- 947

formance on verbal_question_advanced is 948

most affected by removing HR-GAT. This 949

aligns with the need to reason over tempo- 950

ral/causal dependencies to identify advanced 951

questioning patterns. 952

• Head classes: High-frequency, visually dis- 953

tinctive classes like verbal_lecture are less 954

affected by ablations, though all components 955

still contribute measurable gains. 956

E.2 Success and Failure Case Analysis 957

To provide a deeper insight into the behavior of 958

PedGraph, we analyze two representative cases 959
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from our test set: one success case that highlights960

its core strength in contextual disambiguation, and961

one failure case that reveals its current limitations962

and points towards future work.963

Success Case: Context-Aware Disambiguation964

of Gestures. This case demonstrates PedGraph’s965

ability to resolve the semantic-visual gap.966

• Scenario: A 12-second clip where a teacher967

first asks, “Can anyone explain the difference968

between system software and application soft-969

ware?” (verbal_question, 0–7s), and then970

points at a student in the front row (gesture,971

8–11s).972

• Ground Truth: The pointing gesture is la-973

beled gesture_interactive.974

• ActionFormer Prediction: Classifies the ges-975

ture as gesture_indicator. The model correctly976

identifies the pointing motion but, lacking con-977

textual understanding, assigns it the default,978

more frequent label associated with pointing979

at objects.980

• PedGraph Prediction: Correctly classifies981

the gesture as gesture_interactive. We find982

that HR-GAT leverages the STIG connectivity983

from the preceding verbal_question to support984

an interactive interpretation, overriding the985

misleading visual prior.986

Failure Case: Confusion Between Rare, Fine-987

Grained Events. This case illustrates a limitation988

of our model under extreme data scarcity.989

• Scenario: A short 5-second clip where a stu-990

dent provides a correct but hesitant answer.991

The teacher smiles and gives a brief thumbs-992

up gesture.993

• Ground Truth: The gesture is labeled ges-994

ture_encouragement.995

• ActionFormer Prediction: Fails to detect any996

event, likely due to the subtlety and brevity of997

the gesture.998

• PedGraph Prediction: Misclassifies the ges-999

ture as gesture_praise. While PedGraph cor-1000

rectly detects a positive non-verbal event, it1001

confuses two functionally similar and visually1002

subtle categories.1003

• Analysis: This error is consistent with the 1004

long-tail property of PEA, where rare fine- 1005

grained classes have limited supervision. A 1006

promising direction is to incorporate few-shot 1007

adaptation or stronger text supervision to im- 1008

prove separation among rare, semantically 1009

close labels. 1010

E.3 Phase-Modulated Representation 1011

Analysis 1012

To further investigate interpretability, we visual- 1013

ize final Stage III event embeddings using t-SNE, 1014

colored by the corresponding L1 teaching phase 1015

(Figure 6). This analysis suggests that PedGraph 1016

learns a representation space modulated by high- 1017

level procedural context. 1018

As shown in the figure, embeddings tend to form 1019

phase-associated regions. For example, events in 1020

Direct_Instruction often cluster more tightly than 1021

those in Interactive_Practice, reflecting differ- 1022

ences in temporal structure and interaction patterns. 1023

Notably, cluster boundaries overlap, consistent 1024

with the fluid nature of classroom instruction. For 1025

instance, some Introduction and Summary events 1026

appear near Direct_Instruction, mirroring how 1027

teachers gradually transition into core explanations 1028

and frequently reference lecture content during 1029

wrap-up. 1030

Figure 6: t-SNE visualization of final event embeddings
colored by L1 phase (Introduction, Direct_Instruction,
Demonstration, Interactive_Practice, Summary). Dis-
tinct yet overlapping regions indicate phase-modulated
representations.

E.4 Human Evaluation Protocol 1031

To complement automatic metrics and assess the 1032

utility and interpretability of model outputs, we 1033

conducted a human evaluation study. 1034
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Participants. We recruited ten in-service K–121035

teachers via professional development networks.1036

Participants had an average of 7.4 years of class-1037

room experience (SD=3.2) across subjects. All1038

participants were compensated for their time at an1039

expert consultation rate.1040

Stimuli & Task. From the test set, we randomly1041

sampled 20 video clips, each 1–2 minutes in length1042

and containing complex event interactions. For1043

each clip, participants were shown the visual time-1044

line of predictions from two models: our full Ped-1045

Graph model and the strongest fine-tunable base-1046

line, ActionFormer. The presentation was double-1047

blind: the source of each timeline was anonymized1048

(“System A” and “System B”), and the order was1049

randomized across participants and trials.1050

Evaluation Criteria. For each timeline, partici-1051

pants rated five statements on a 5-point Likert scale1052

(1=Strongly Disagree, 5=Strongly Agree), corre-1053

sponding to the quality dimensions in the main1054

paper:1055

• Temporal Boundaries: “The predicted start1056

and end times of the events accurately match1057

what I see in the video.”1058

• Correctness: “The labels assigned to the1059

events are correct.”1060

• Detail Sensitivity: “The system successfully1061

captures small but important events and de-1062

tails.”1063

• Context Awareness: “The system’s predic-1064

tions make sense in the context of the overall1065

lesson flow.”1066

• Overall Consistency: “The sequence of pre-1067

dictions forms a coherent and logical story of1068

the teaching moment.”1069

Analysis. We collected 1,000 ratings (20 clips1070

× 2 systems × 5 criteria × 10 raters). The aver-1071

aged results are reported in the main paper (human1072

study section), and we compute inter-rater reliabil-1073

ity using Fleiss’ Kappa (0.73), indicating substan-1074

tial agreement.1075

E.5 Topology Adaptation Visualization1076

This section provides supplementary evidence for1077

the topology adaptation claim discussed in Sec. 4.41078

of the main paper. We visualize the filtered STIG1079

edges induced from the STEM training domain1080

(PEA) and a pilot History domain using a consistent 1081

node set and a fixed layout, and we further report 1082

simple topology statistics computed on the same 1083

filtered graphs. 1084

Visualization protocol. To ensure comparability 1085

across domains, we apply the following rules: 1086

• Consistent node set: We use the same 32 1087

nodes (L1 phases + L2 event types) defined in 1088

our taxonomy. 1089

• Top-edge filtering: For precedes and causes, 1090

we only visualize edges whose weights fall 1091

into the top percentile within each relation 1092

type (equivalently, keep top-K per relation), 1093

to prevent dense low-confidence edges from 1094

dominating the plot. 1095

• Fixed layout: We use the same 2D layout 1096

(same initialization seed and node ordering) 1097

for both subplots so that structural differences 1098

correspond to edge changes rather than arbi- 1099

trary placement. 1100

• Node coloring: Nodes are colored by event 1101

group (L1 phase vs. L2 verbal vs. L2 non- 1102

verbal) to make shifts in cross-group connec- 1103

tivity easier to interpret. 1104

F Reproducibility Statement 1105

We are committed to ensuring the full reproducibil- 1106

ity of our work. 1107

• Code: The complete source code for the 1108

PedGraph framework, including data pre- 1109

processing scripts, STIG construction, model 1110

training, and evaluation, will be made publicly 1111

available in an anonymized GitHub repository 1112

upon publication. 1113

• Dataset: The PEA dataset, including the raw 1114

videos (subject to institutional permissions), 1115

full annotations, and the final data splits used 1116

in our experiments, will be released. 1117

• Models: Pre-trained model weights for all 1118

stages of PedGraph, along with the final con- 1119

structed STIG, will be provided. 1120
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Figure 7: Topology adaptation visualization under a consistent node set and fixed layout. (a) STEM (PEA-induced)
filtered topology. (b) History (pilot) filtered topology. In both graphs, we keep only top edges (same filtering rule) to
highlight dominant dependencies. (c) Topology statistics computed on the same filtered graphs (Avg Degree, Edge
Density, and Hub Dominance), showing a shift from a more hub-centric pattern to a more distributed “mesh-like”
connectivity in History.
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