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Abstract001

Long-form instructional videos require auto-002
matic chaptering to support browsing, navi-003
gation, and knowledge access. Recent long-004
context language models can perform chap-005
tering from textualized video inputs, but006
they remain costly and brittle for content-007
dense lecture videos with long transcripts,008
smooth topic transitions, and detailed chap-009
ter outputs. A scalable segment-then-caption010
paradigm reduces this cost, but introduces011
two new challenges: boundary error propa-012
gation and fragmented cross-chapter context.013
We propose CausalChapter, an intervention-014
inspired framework for long-video chapter-015
ing that estimates prediction-level influence016
through lightweight masking and removal in-017
terventions. For boundary localization, our Lo-018
cal Dependency Shift module detects drops in019
predictive dependency between adjacent tem-020
poral windows; for chapter description gen-021
eration, our Cross-Segment Support Selection022
module reranks historical contexts according023
to their support for the current prediction.024
Experiments on long-video chaptering bench-025
marks show that CausalChapter consistently026
improves boundary localization, chapter de-027
scription quality, and cross-chapter coherence.028

1 Introduction029

Long-form videos, such as lectures, meeting030

recordings, and online tutorials, have become an031

important source of knowledge and communica-032

tion. To make such videos searchable and naviga-033

ble, models need to organize them into temporally034

grounded and semantically coherent units. Dense035

video captioning (DVC) provides a representative036

localize-and-describe paradigm, where a model037

detects multiple events in an untrimmed video038

and generates a description for each event (Kr-039

ishna et al., 2017; Iashin and Rahtu, 2020a; Wang040

et al., 2021; Yang et al., 2023b). However,041

DVC mainly focuses on short-term event-level seg- 042

ments, whereas long-form video navigation re- 043

quires higher-level temporal organization. Video 044

chaptering addresses this need by partitioning a 045

long video into consecutive chapters and generat- 046

ing navigable titles or descriptions for each chap- 047

ter (Yang et al., 2023a; Ventura et al., 2025). 048

Recent progress in long-video chaptering has 049

been driven by large-scale datasets and long- 050

context language models. VidChapters-7M intro- 051

duces a large-scale benchmark of user-annotated 052

chapters for open-domain videos (Yang et al., 053

2023a). Chapter-Llama converts videos into times- 054

tamped Automatic Speech Recognition (ASR) 055

transcripts and frame captions, and predicts chap- 056

ter boundaries and free-form titles with a long- 057

context LLM in a single forward pass (Ventura 058

et al., 2025). While effective, such holistic long- 059

context modeling faces increasing cost in content- 060

dense instructional videos, where ASR transcripts 061

are long, topic transitions are smooth, and chapter 062

outputs often require detailed descriptions rather 063

than short titles, as illustrated in Fig. 1(a). Un- 064

der practical context budgets, processing the entire 065

textualized video may require truncation, sparse 066

sampling, or compression (Wang et al., 2021; 067

Yang et al., 2023b; Kim et al., 2024), which may 068

discard fine-grained evidence needed for boundary 069

localization and chapter description generation. 070

A scalable alternative is the segment-then- 071

caption paradigm (Islam et al., 2024; Zala et al., 072

2023): the model first predicts chapter bound- 073

aries to divide a long video into local segments, 074

and then generates a description for each segment. 075

This decomposition reduces the input length of 076

each generation step and aligns the generation in- 077

put with chapter-level outputs. However, it also 078

shifts the central challenge from holistic encoding 079

to identifying which local transitions and histor- 080

ical segments truly matter for prediction. First, 081

boundary errors may propagate to the generation 082
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Figure 1: Motivation of scalable and dependency-
aware long-video chaptering. (a) Content-dense in-
structional videos require detailed chapter descriptions
over long ASR transcripts, making whole-video model-
ing costly in tokens and memory. (b) Smooth lecture
transitions can preserve local coherence while predic-
tive dependency drops near the true chapter boundary.
(c) Plausible retrieved contexts can induce mechanism
drift in chapter generation, whereas prediction-critical
context preserves the intended explanation.

stage: a shifted boundary can mix adjacent chap-083

ter content into the current segment or omit key se-084

mantic units. Second, independent segment-level085

generation can break cross-chapter context, which086

is often crucial in lectures and tutorials where later087

chapters depend on earlier definitions, assump-088

tions, or examples.089

A straightforward solution is to augment each090

segment with additional context retrieved from091

nearby or semantically similar segments. Exist-092

ing retrieval- or memory-augmented methods com-093

monly select context based on semantic similar-094

ity, temporal proximity, or visual similarity (Kim095

et al., 2024, 2025). However, in instructional long096

videos, surface relevance does not necessarily im-097

ply prediction utility. A highly similar segment098

may simply repeat the current content, while an099

earlier segment with lower lexical or visual simi- 100

larity may introduce a definition or logical premise 101

that is crucial for describing the current chapter, 102

as shown in Figure 1(c). This suggests a differ- 103

ent criterion for long-video chaptering: a tempo- 104

ral unit should be judged by whether intervening 105

on it changes the model’s prediction, rather than 106

by whether it is visually similar, temporally close, 107

or lexically overlapping with the current segment. 108

The same criterion can also inform boundary local- 109

ization. Within a coherent chapter, preceding units 110

usually provide predictive support for subsequent 111

units; near a chapter transition, this dependency 112

may drop even when the transition is visually or 113

lexically smooth, as shown in Figure 1(b). 114

Motivated by this observation, we propose 115

CausalChapter, an intervention-inspired frame- 116

work for scalable long-video chapter generation. 117

CausalChapter estimates intervention-defined pre- 118

dictive dependency, namely the observable change 119

in model prediction caused by masking, perturb- 120

ing, or removing input components. Our goal 121

is not to recover the real-world causal structure 122

of video content, but to measure the prediction- 123

level influence of semantic units and context seg- 124

ments as a practical signal of predictive support. 125

For boundary localization, we introduce Local De- 126

pendency Shift (LCDS), which masks semantic 127

units in a preceding temporal window and mea- 128

sures how much the intervention affects the recon- 129

struction of the subsequent window. A local drop 130

in this dependency provides an auxiliary signal for 131

detecting smooth chapter transitions. For chap- 132

ter description generation, we introduce Cross- 133

Segment Support Selection (CSSE), which re- 134

moves candidate context segments and measures 135

their influence on the generated description. Seg- 136

ments with high estimated support are selected for 137

second-pass generation, improving the complete- 138

ness and cross-chapter coherence of the final chap- 139

ter descriptions. 140

Our contributions are summarized as follows: 141

(1) We introduce LCDS, an intervention-inspired 142

dependency-drop signal for smooth chapter bound- 143

ary localization. (2) We introduce CSSE, an 144

intervention-based support estimation mechanism 145

for cross-segment context selection. (3) We show 146

that the proposed interventional mechanism miti- 147

gates boundary error propagation and context frag- 148

mentation in scalable long-video chaptering. 149
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2 Related Work150

Video Chaptering. Video chaptering aims to151

partition a long video into consecutive, non-152

overlapping, and semantically coherent chapters,153

while generating titles or summaries for brows-154

ing and navigation. A related task is dense video155

captioning (DVC), which localizes and describes156

multiple events in untrimmed videos (Iashin and157

Rahtu, 2020a,b; Wang et al., 2021; Yang et al.,158

2023b; Wang et al., 2021; Kim et al., 2024; Liu159

et al., 2025; Wu et al., 2025; Xie et al., 2025).160

Recent DVC studies further incorporate memory161

or retrieval-augmented mechanisms to improve162

event-level descriptions (Kim et al., 2024; Xie163

et al., 2025; Wu et al., 2025; Liu et al., 2025).164

Although DVC follows a localize-and-describe165

paradigm, it mainly focuses on short-term event-166

level segments whose boundaries are often associ-167

ated with local visual or event changes, making it168

less suited to long-form videos governed by high-169

level topic progression.170

For long-form video chaptering, VidChapters-171

7M introduces a large-scale dataset of user-172

annotated chapters and defines several chaptering173

tasks, including chapter generation and chapter174

grounding (Yang et al., 2023a). More recently,175

Chapter-Llama represents long videos as times-176

tamped ASR transcripts and frame captions, and177

uses a long-context LLM to jointly predict chapter178

boundaries and free-form chapter titles in a single179

forward pass (Ventura et al., 2025). These studies180

demonstrate the effectiveness of textualized video181

representations and long-context reasoning. Dif-182

ferent from holistic long-context chaptering meth-183

ods, we study a scalable segment-then-caption for-184

mulation and explicitly address the boundary error185

propagation and cross-segment context fragmenta-186

tion introduced by this decomposition.187

Context Augmentation and Selection. Context188

augmentation has been widely explored in video-189

language generation through memory propaga-190

tion, retrieval augmentation, and evidence selec-191

tion (Kim et al., 2024; Yu et al., 2023; Xie et al.,192

2025; Wu et al., 2025; Liu et al., 2025). Ex-193

isting methods commonly identify useful context194

based on semantic similarity, temporal proxim-195

ity, cross-modal matching, or attention-based rel-196

evance. However, for information-dense lectures,197

surface-level relevance does not necessarily reflect198

prediction utility. An earlier definition, assump-199

tion, or logical premise may be crucial for the200

current chapter despite low lexical or visual sim- 201

ilarity, while a highly similar segment may sim- 202

ply repeat the current content. Our work therefore 203

treats retrieval as candidate construction only, and 204

performs final context selection according to each 205

segment’s observable influence on current chapter 206

generation. 207

Causal Video Reasoning. Causal and counter- 208

factual reasoning has been introduced into video 209

understanding to reduce spurious correlations, 210

mitigate language priors, and model event rela- 211

tions (Xiao et al., 2021; Niu et al., 2021; Liu et al., 212

2023; Chen et al., 2025). Prior studies construct 213

causal video question answering benchmarks, ap- 214

ply counterfactual interventions for bias reduction, 215

or discover event-level causal structures for video 216

reasoning. Different from these works, we use 217

lightweight masking and removal interventions 218

to estimate prediction-level influence for long- 219

video chaptering, making our approach closer to 220

intervention-based utility estimation than to causal 221

structure discovery. 222

3 Method 223

3.1 Task Formulation and Overview 224

Given a long video V , the goal is to generate 225

a temporally grounded chapter sequence C = 226

{(sk, ek, yk)}Kk=1, where sk and ek denote the 227

start and end timestamps of the k-th chapter, and 228

yk denotes its chapter-level description. The pre- 229

dicted chapters are expected to be consecutive, 230

non-overlapping, and semantically coherent. 231

We propose CausalChapter, a segment-then- 232

caption framework for long-video chapter genera- 233

tion. CausalChapter first predicts chapter bound- 234

aries and then generates a description for each 235

resulting segment. This decomposition is scal- 236

able, but it introduces two key challenges, namely 237

boundary error propagation and cross-segment 238

context fragmentation. We address them with 239

two intervention-inspired modules: Local De- 240

pendency Shift improves boundary localization 241

by measuring drops in predictive dependency 242

between adjacent temporal windows. Cross- 243

Segment Support Selection improves chapter 244

generation by selecting historical segments that 245

provide strong predictive support for the current 246

description. Here, predictive dependency denotes 247

the observable change in model prediction under 248

masking or removal interventions, and serves as an 249
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Figure 2: Overview of CausalChapter. Given sentence-level semantic units with aligned visual and ASR informa-
tion, the framework first predicts chapter boundaries with a segment-then-caption backbone enhanced by Local
Dependency Shift (LCDS), which captures dependency drops between adjacent temporal windows. The resulting
segments are then described by an LLM-based generator, where Cross-Segment Support Selection (CSSE) reranks
historical contexts according to their predictive support for the current chapter. The final output is a sequence of
temporally grounded chapter descriptions.

operational measure of predictive support rather250

than a claim about real-world causal structure.251

3.2 Segment-then-Caption Backbone252

We instantiate a segment-then-caption backbone253

over sentence-level semantic units U = {ui =254

(xi, t
s
i , t

e
i )}Ni=1, where xi denotes the i-th ASR sen-255

tence and tsi , t
e
i its timestamps. For each unit, we256

sample video frames at 1 FPS within [tsi , t
e
i ] and257

extract CLIP visual features (Radford et al., 2021),258

and fuse them with the ASR representation to ob-259

tain a multimodal semantic-unit representation zi.260

Given zi, a boundary classifier gbd forecasts the261

probability of a chapter boundary occurring after262

the i-th unit:263

obasei = gbd(zi), p
base
i = σ(obasei )cb , (1)264

where obasei ∈ R2 is boundary logits, cb is the265

boundary class index, and pbasei is the predicted266

boundary probability. The predicted boundaries267

are used to divide the video into chapter segments268

S = {Sk}Kk=1.269

For each segment Sk, we construct a generation270

input Ik from the segment ASR text, a compressed271

visual representation, an explicit temporal prompt,272

and a temporal feature pooled from semantic-unit273

representations within Sk. The LLM-based gener-274

ator Gθ then produces a first-pass chapter descrip-275

tion ỹk = Gθ(Ik), where θ includes trainable pa-276

rameters such as LoRA adapters and lightweight277

projection modules. This backbone improves scal- 278

ability, but its boundary prediction mainly relies 279

on local multimodal evidence, and its generation 280

is primarily conditioned on the current segment. 281

3.3 Local Dependency Shift 282

Smooth topic transitions are difficult to localize 283

from local visual or lexical changes alone, because 284

adjacent units across chapter boundaries may re- 285

main semantically coherent. We treat a bound- 286

ary as positions where the predictive dependency 287

drops between neighboring temporal windows. 288

For a candidate boundary after ui, we construct 289

a preceding window Ai = [zi−W+1, . . . , zi] and a 290

following window Bi = [zi+1, . . . , zi+W ], where 291

W is the window size. A MLP-based dependency 292

predictor Rϕ reconstructs the following window 293

from the preceding one, B̂i = Rϕ(Ai). To esti- 294

mate the contribution of each preceding unit, we 295

mask the r-th unit in Ai to obtain A
\r
i and predict 296

B̂
\r
i = Rϕ(A

\r
i ). 297

The intervention effect is measured by the rep- 298

resentation change in the predicted following win- 299

dow: 300

gi,r,j = Drep(b̂i,j , b̂
\r
i,j), di =

1

W 2

W∑
r=1

W∑
j=1

gi,r,j ,

(2) 301

where Drep denotes cosine distance, b̂i,j and b̂
\r
i,j 302

are the j-th predicted representations before and 303
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after intervention. A larger di indicates stronger304

predictive support from the preceding window to305

the following one, while a smaller di indicates306

weaker temporal dependency.307

We then compare di with its neighborhood.308

Let N (i) denote neighboring candidate positions309

around i within a fixed local radius, and let d̄i =310
1

|N (i)|
∑

q∈N (i) dq be the local reference depen-311

dency. Since we only care about dependency312

drops, the final dependency-shift score is313

sdepi = Norm
(
max(0, d̄i − di)

)
, (3)314

where Norm(·) denotes min-max normalization315

over all candidate boundary positions in the video.316

A larger sdepi suggests a stronger local dependency317

drop and is therefore more likely to indicate a318

smooth chapter boundary.319

Finally, we inject this score into the boundary-320

class logit, (oenhi )cb = (obasei )cb + γsdepi , where321

γ is a learnable scaling coefficient. The enhanced322

boundary probability is penhi = σ(oenhi )cb . LCDS323

thus complements the base boundary classifier324

with an intervention-defined structural cue.325

3.4 Cross-Segment Support Selection326

Independent chapter generation often misses long-327

range prerequisites such as earlier definitions, as-328

sumptions, and problem setups. We therefore esti-329

mate the predictive support of historical segments330

through removal interventions. For each segment331

Sk, we build a segment representation hk =332

Eseg(Sk, ỹk) using the segment content, tempo-333

ral information, segmentation-stage features, and334

first-pass description. To control computation, we335

first construct a compact candidate context set:336

Ck = Cnear
k ∪Csem

k , Csem
k = TopMj<kSim(hk, hj),

(4)337

where Cnear
k contains temporally neighboring his-338

torical segments, Csem
k contains semantically re-339

trieved segments, and M is a small retrieval bud-340

get. This stage only narrows the search space and341

does not determine the final contexts.342

Given Ck, the generator produces a reference343

description with all candidate contexts, yfullk =344

Gθ(Ik, ỹk, Ck), and then removes each candidate345

segment Sj ∈ Ck in turn to obtain y
\j
k =346

Gθ(Ik, ỹk, Ck \ {Sj}). If removing Sj substan-347

tially changes the output, then Sj is considered to348

provide strong predictive support for the current349

chapter. We define its support score as350

sj→k = Dout(y
full
k , y

\j
k ), (5)351

where Dout(·, ·) measures the output difference be- 352

fore and after removal. 353

The top-ranked contexts are then selected as 354

Rk = TopKSj∈Ck
(sj→k), and the final chapter 355

description is generated as yk = Gθ(Ik, ỹk,Rk). 356

This shifts context selection from similarity-driven 357

matching to intervention-driven support estima- 358

tion. Since interventions are performed only on 359

the compact candidate set Ck, the additional cost 360

scales with the candidate size rather than the total 361

number of video segments. 362

3.5 Training Objective and Inference 363

The boundary module is trained with supervised 364

boundary labels using 365

Lbd = −
∑
i

log penhi (b∗i ), (6) 366

where b∗i is the ground-truth boundary label af- 367

ter ui. The dependency predictor is trained to 368

reconstruct the following window with Lrec = 369∑
iDrec(B̂i, Bi). 370

The generator is trained with the standard auto- 371

regressive objective: 372

Lgen = −
∑
k

∑
t

log pθ(y
∗
k,t | y∗k,<t, Ik,Rk),

(7) 373

where y∗k is the ground-truth chapter description, 374

together with a timestamp reconstruction loss 375

Ltime = −
∑

t∈Ωtime

log pθ(yt | y<t, Ik). (8) 376

The final objective is 377

L = Lbd + Lrec + Lgen + Ltime, (9) 378

At inference time, CausalChapter first encodes 379

semantic units and predicts enhanced chapter 380

boundaries, which define chapter segments. The 381

generator then produces first-pass descriptions, 382

retrieves candidate historical contexts, estimates 383

their support scores through removal interventions, 384

and generates final descriptions with the top sup- 385

portive contexts. The final output is the chapter 386

sequence C = {(sk, ek, yk)}Kk=1. 387

4 Experiments 388

4.1 Experimental Setup 389

Datasets. We evaluate CausalChapter on two 390

long-video chaptering benchmarks. The primary 391
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benchmark is AVLecture (Gupta et al., 2023),392

which contains long lecture videos with ASR tran-393

scripts, OCR outputs, visual content, and human-394

annotated topic boundaries. Since AVLecture does395

not provide chapter-level descriptions, we aug-396

ment each ground-truth segment with a human-397

verified LLM-assisted chapter description. All398

models are trained and evaluated on the same aug-399

mented references. We use 245 videos for train-400

ing, 35 for validation, and 70 for testing. We401

further evaluate generalization on VidChapters-402

7M (Yang et al., 2023a), which provides user-403

annotated chapter boundaries and titles. Details404

of the annotation protocol are provided in Ap-405

pendix B.1.406

Metrics. We evaluate both chapter localization407

and description generation. For localization, we408

report F1@30 and tIoU on AVLecture, and follow409

prior work to report F1 and tIoU on VidChapters-410

7M. For generation, we report CIDEr (Vedantam411

et al., 2015) on both datasets. On AVLecture, we412

report SODA_c (Fujita et al., 2020), computed413

with SODA type-c using IoU-weighted METEOR414

matching. On VidChapters-7M, we follow the415

Chapter-Llama evaluation and report its bench-416

mark notation SODA.417

Baselines. We compare CausalChapter with418

representative dense video captioning methods,419

including PDVC (Wang et al., 2021) and420

Vid2Seq (Yang et al., 2023b), as well as long-421

video LLM and video chaptering baselines, in-422

cluding VTimeLLM (Huang et al., 2024) and423

Chapter-Llama (Ventura et al., 2025). We424

also include closed-source LLMs, GPT-4o (Hurst425

et al., 2024), Gemini-2.5-Pro and Gemini-2.0-426

Flash (Team et al., 2023), as reference systems.427

All trainable baselines are adapted to the same in-428

put setting and evaluated with the same references429

whenever applicable.430

Implementation. For state-of-the-art compari-431

son, we use Qwen2.5-7B (Qwen et al., 2025) on432

AVLecture and LLaMA-3.1-8B (Grattafiori et al.,433

2024) on VidChapters-7M. For controlled abla-434

tions, we use Qwen2.5-3B as the generation back-435

bone and keep it fixed across all variants. All train-436

able LLMs are adapted with LoRA, where we set437

the rank and scaling factor to (r, α) = (32, 64) for438

Qwen2.5-8B and (r, α) = (8, 16) for Qwen2.5-439

3B. Models are trained with AdamW using a learn-440

ing rate of 5 × 10−5, batch size 1, and maximum441

Type Method CIDEr SODA_c F1@30 tIoU

DVC PDVC 6.11 – 9.07 56.44
Vid2SeqT5 61.22 9.79 9.84 53.77

Chap.

VTimeLLMVicuna, * 0.02 3.04 47.53 46.72
Chapter-LlamaLLaMA 99.78 8.15 63.93 62.18
Chapter-LlamaQwen 95.36 6.91 57.73 59.62
CausalChapterLLaMA 102.22 10.20 72.97 69.95
CausalChapterQwen 116.88 13.80 72.97 69.95

LLM
GPT-4o 1.82 0.08 26.72 36.12
Gemini-2.5-Pro 2.40 1.64 26.72 36.12
Gemini-2.0-Flash 0.28 0.18 11.71 13.54

(a) AVLecture

Type Method CIDEr SODA F1 tIoU

DVC Vid2SeqT5 55.8 11.6 26.7 58.6

Chap.
Chapter-LlamaLLaMA 100.9 19.3 45.3 71.8
CausalChapterLLaMA 101.5 18.5 46.2 72.0
CausalChapterQwen 109.2 18.8 46.2 72.0

LLM GPT-4o 51.0 8.1 37.6 68.0
Gemini-2.0-Flash 69.7 11.4 40.2 69.3

(b) VidChapters-7M

Table 1: Comparison of video chaptering methods on
AVLecture and VidChapters-7M. Superscripts indicate
the backbone: T5 T5, Vicuna Vicuna-7B, LLaMA LLaMA-
3.1-8B, and Qwen Qwen2.5-7B. Methods without su-
perscripts use proprietary models or do not report a
backbone.* indicates that VTimeLLM is not fine-tuned
on AVLecture.

input length 8192. For prompting, all methods 442

use the same segment-level instruction template, 443

which includes the segment ASR, visual summary, 444

timestamp prompt, and optional retrieved contexts. 445

For CSSE, we construct candidate contexts from 446

temporal neighbors and semantic retrieval, and se- 447

lect the top-K = 5 segments, and for LCDS we 448

setting window size W=5 for interventional depen- 449

dency modeling. We use deterministic decoding 450

with temperature 0 for intervention scoring to en- 451

sure that output changes are attributable to context 452

removal, and use the same decoding setting across 453

all compared variants. Experiments are conducted 454

on a Debian GNU/Linux 12 server equipped with 455

a single NVIDIA H800 PCIe GPU with 80 GB 456

memory. 457

4.2 Main Result 458

We compare CausalChapter with dense video 459

captioning methods, long-video LLM baselines, 460

video chaptering models, and closed-source LLMs 461

under zero-shot prompting. Tab. 1 reports results 462

on the augmented AVLecture and VidChapters- 463

7M benchmarks. 464
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Method CIDEr METEOR SODA_c F1 BS@30 tIoU
Backbone 88.39 16.83 10.84 52.95 59.61 66.36
+ LCDS 91.36 17.37 11.90 56.72 63.02 69.95
+ CSSE 98.40 17.15 12.63 52.95 59.61 66.36
Full 104.59 17.87 12.73 56.72 63.02 69.95

Table 2: Ablation studies on AVLecture. All variants use predicted boundaries. LCDS denotes Local Causal
Dependency Shift, CSSE denotes Cross-Segment Causal Support Estimation.

Results on AVLecture. CausalChapter achieves465

the best overall performance among trainable mod-466

els. Compared with dense video captioning base-467

lines such as PDVC (Wang et al., 2021) and468

Vid2Seq (Yang et al., 2023b), CausalChapter ob-469

tains substantially higher localization and gener-470

ation scores, showing that short-video event cap-471

tioning methods are less effective for long lec-472

ture chaptering. Compared with the strongest fine-473

tuned chaptering baseline, Chapter-Llama (Ven-474

tura et al., 2025), CausalChapter improves CIDEr475

from 99.78 to 116.88, F1@30 from 63.93% to476

72.97%, and tIoU from 62.18% to 69.95% as477

shown in Tab. 1(a) These gains indicate that478

CausalChapter improves both chapter-level de-479

scription quality and temporal boundary localiza-480

tion in content-dense instructional videos. Closed-481

source LLMs perform worse than fine-tuned mod-482

els under zero-shot prompting, especially on met-483

rics like CIDEr, SODA_c, and localization. This484

highlights the need for temporally grounded and485

structurally consistent outputs in long-video chap-486

tering, which are challenging to achieve without487

task-specific adaptation. We further provide a488

qualitative comparison with Chapter-Llama in Ap-489

pendix C.3, showing that CausalChapter produces490

more accurate temporal segmentations and more491

semantically aligned chapter titles on representa-492

tive cases.493

Results on VidChapters-7M. Tab. 1(b) shows494

that our method also generalizes to VidChapters-495

7M, which contains more diverse open-domain496

videos with user-annotated chapter boundaries497

and titles. Despite using a compact backbone,498

CausalChapter achieves competitive or better per-499

formance than long-video LLM baselines on both500

Method F1 F1@30 BS@30 tIoU
Baseline 52.95 71.28 59.61 66.36
Sim. Drop 54.51 72.41 61.80 65.68
CL Loss 53.28 70.91 59.75 65.23
Ours 56.72 72.97 63.02 69.95

Table 3: Analysis of LCDS on AVLecture. All meth-
ods use the same Qwen2.5-3B backbone.

generation and localization metrics. This suggests 501

that the proposed dependency-enhanced segment- 502

then-caption framework is not specific to lecture 503

videos and can transfer to broader long-video 504

chaptering scenarios. 505

4.3 Ablation Studies 506

We conduct ablation studies on AVLecture to 507

examine the contribution of each component 508

in CausalChapter. All variants use the same 509

Qwen2.5-3B generation backbone and training 510

data. (1) Backbone denotes the base segment-then- 511

caption model. (2) +LCDS adds Local Depen- 512

dency Shift for boundary localization, while (3) 513

+CSSE adds Cross-Segment Support Selection for 514

chapter generation, and (4) Full further includes 515

the temporal-aware training objective. 516

As shown in Table 2, LCDS mainly improves 517

boundary-oriented metrics. Compared with the 518

backbone, +LCDS improves F1 from 52.95% to 519

56.72%, BS@30 from 59.61% to 63.02%, and 520

tIoU from 66.36% to 69.95%, showing that lo- 521

cal dependency shifts provide useful auxiliary ev- 522

idence for boundary localization. CSSE mainly 523

improves generation-oriented metrics while leav- 524

ing boundary predictions unchanged. It increases 525

CIDEr from 88.39 to 93.40 and SODA_c from 526

10.84 to 12.63, indicating that intervention-based 527

context selection helps generate more complete 528

chapter descriptions. The two modules are com- 529

plementary. The full model achieves the best 530

CIDEr, METEOR, and SODA_c scores, reaching 531

104.59, 17.87, and 12.73, respectively. These re- 532

sults show that LCDS mitigates boundary error 533

propagation, CSSE alleviates cross-segment con- 534

text fragmentation, and their combination leads to 535

stronger overall chaptering performance. 536

4.4 Analysis of Interventional Dependency 537

Modeling 538

We further analyze whether intervention-defined 539

dependency provides more useful signals than sim- 540

pler relevance-based alternatives. Table 3 evalu- 541

ates different boundary cues for LCDS. Sim. Drop 542

detects boundaries by measuring representation 543
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Method CIDEr METEOR SODA_c
Baseline 88.39 16.83 10.84
Previous-K 90.85 16.70 11.32
Sim. Top-K 95.97 16.79 11.70
LLM Scoring 96.11 17.44 11.53
Ours 104.59 17.87 12.73

Table 4: Analysis of cross-segment context selection
on AVLecture. All methods use Qwen2.5-3B as back-
bone.

similarity drops between adjacent windows, and544

CL Loss replaces the intervention-based score with545

a contrastive learning objective. Although sim-546

ilarity drop improves over the baseline on sev-547

eral threshold-based metrics, it slightly reduces548

tIoU, suggesting that surface discontinuity does549

not reliably capture chapter-level segment qual-550

ity. CL Loss brings only marginal gains. In551

contrast, our intervention-based dependency score552

achieves the best results across all metrics, improv-553

ing F1 from 52.95% to 56.72% and tIoU from554

66.36% to 69.95%. This supports our motivation555

that smooth chapter boundaries are better charac-556

terized by changes in predictive dependency than557

by local similarity changes alone.558

Table 4 evaluates different context selection559

strategies for CSSE, using the same Qwen2.5-560

3B backbone and predicted boundaries to iso-561

late the effect of context selection. Previous-562

K selects temporally nearest preceding segments,563

Sim. Top-K retrieves semantically similar seg-564

ments, and LLM Scoring ranks candidates by565

LLM-estimated relevance. Previous-K brings lim-566

ited gains, indicating that nearby segments do567

not necessarily contain useful prerequisite infor-568

mation. Our method outperforms others on all gen-569

eration metrics, with significant improvements in570

CIDEr (88.39 to 104.59) and SODA_c (10.84 to571

12.73), demonstrating the superiority of measuring572

a context segment’s value by its influence on cur-573

rent generation over methods relying on temporal574

distance, semantic similarity, or relevance scores.575

Window-size sensitivity. We further analyze the576

effect of the LCDS window size W . As shown in577

Figure 3, W = 5 provides the most balanced per-578

formance across boundary-oriented metrics, im-579

proving F1, BS@30, and tIoU over the backbone580

while maintaining competitive F1@30. This sug-581

gests that a moderate local window captures suffi-582

cient cross-boundary dependency changes without583

introducing excessive neighboring noise.584

3 4 5 6 7
52

54

56

Sc
or

e

baseline 52.95
56.72

F1

3 4 5 6 7

66

68

70

Sc
or

e

baseline 66.36
69.95

tIoU

LCDS window size
LCDS Baseline W=5 Best metric

Figure 3: Window-size sensitivity of LCDS on AVLec-
ture.
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or

e
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CSSE Baseline K=5 Best metric

Figure 4: Top-K sensitivity of CSSE on AVLecture.

Top-K sensitivity. We further analyze the ef- 585

fect of the number of supportive contexts selected 586

by CSSE. As shown in Figure 4, increasing Top- 587

K generally improves generation quality over the 588

backbone, indicating that cross-segment support- 589

ive contexts provide useful complementary infor- 590

mation for chapter description generation. The 591

setting K = 5 achieves the best METEOR score 592

and a strong CIDEr score, improving CIDEr from 593

88.39 to 104.59 and METEOR from 16.83 to 594

17.87. Therefore, we use K = 5 as a balanced 595

setting in our main experiments. 596

5 Conclusion 597

We presented CausalChapter, an interventional 598

dependency modeling framework for long-video 599

chaptering. To address the boundary error 600

propagation and cross-segment context fragmen- 601

tation introduced by segment-level generation, 602

CausalChapter estimates intervention-defined pre- 603

dictive dependencies as task-oriented support sig- 604

nals. Specifically, LCDS captures local depen- 605

dency drops between adjacent temporal windows 606

to provide auxiliary evidence for smooth chap- 607

ter boundaries, while CSSE selects cross-segment 608

contexts according to their intervention-defined 609

support for current chapter generation. Experi- 610

ments on AVLecture and VidChapters-7M show 611

that CausalChapter improves temporal localiza- 612

tion, description quality, and cross-chapter coher- 613

ence over strong baselines. These results highlight 614

intervention-defined dependency as a useful signal 615

for scalable and coherent long-video chaptering. 616
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Limitations617

CausalChapter has several limitations. First,618

intervention-defined dependency should be inter-619

preted as prediction-level influence rather than620

real-world causal discovery. Our goal is not to621

recover causal relations among video events or622

chapters, but to identify semantic units or con-623

text segments that affect boundary prediction and624

chapter-level generation under controlled masking625

or removal interventions. Second, our augmented626

AVLecture benchmark uses human-verified LLM-627

assisted chapter descriptions, which may inherit628

some stylistic regularities from the annotation629

pipeline. To reduce this effect, all compared meth-630

ods are trained and evaluated with the same aug-631

mented references, and the gains on VidChapters-632

7M further suggest that the proposed framework is633

not specific to this annotation protocol. To reduce634

this effect, all compared methods are trained and635

evaluated with the same augmented references,636

and the gains on VidChapters-7M further suggest637

that the proposed framework is not specific to this638

annotation protocol. Third, CSSE introduces addi-639

tional inference cost because it estimates context640

support through removal interventions. We con-641

trol this cost by applying interventions only to a642

compact candidate set constructed from temporal643

neighbors and semantic retrieval, rather than to all644

segments or tokens. Further acceleration of sup-645

port estimation is an interesting direction for fu-646

ture work.647

References648

Tieyuan Chen, Huabin Liu, Yi Wang, Yihang Chen,649
Tianyao He, Chaofan Gan, Huanyu He, and Weiyao650
Lin. 2025. Mecd+: Unlocking event-level causal651
graph discovery for video reasoning. IEEE Transac-652
tions on Pattern Analysis and Machine Intelligence.653

Soichiro Fujita, Tsutomu Hirao, Hidetaka Kamigaito,654
Manabu Okumura, and Masaaki Nagata. 2020.655
Soda: Story oriented dense video captioning evalu-656
ation framework. In European Conference on Com-657
puter Vision, pages 517–531. Springer.658

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri,659
Abhinav Pandey, Abhishek Kadian, Ahmad Al-660
Dahle, Aiesha Letman, Akhil Mathur, Alan Schel-661
ten, Alex Vaughan, Amy Yang, Angela Fan, Anirudh662
Goyal, Anthony Hartshorn, Aobo Yang, Archi Mi-663
tra, Archie Sravankumar, Artem Korenev, Arthur664
Hinsvark, and 542 others. 2024. The llama 3 herd665
of models. Preprint, arXiv:2407.21783.666

Anchit Gupta, CV Jawahar, Makarand Tapaswi, and 1 667
others. 2023. Unsupervised audio-visual lecture seg- 668
mentation. In Proceedings of the IEEE/CVF Win- 669
ter Conference on Applications of Computer Vision, 670
pages 5232–5241. 671

Bin Huang, Xin Wang, Hong Chen, Zihan Song, 672
and Wenwu Zhu. 2024. Vtimellm: Empower llm 673
to grasp video moments. In Proceedings of the 674
IEEE/CVF Conference on Computer Vision and Pat- 675
tern Recognition, pages 14271–14280. 676

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam 677
Perelman, Aditya Ramesh, Aidan Clark, AJ Ostrow, 678
Akila Welihinda, Alan Hayes, Alec Radford, and 1 679
others. 2024. Gpt-4o system card. arXiv preprint 680
arXiv:2410.21276. 681

Vladimir Iashin and Esa Rahtu. 2020a. A better 682
use of audio-visual cues: Dense video caption- 683
ing with bi-modal transformer. arXiv preprint 684
arXiv:2005.08271. 685

Vladimir Iashin and Esa Rahtu. 2020b. Multi-modal 686
dense video captioning. In Proceedings of the 687
IEEE/CVF conference on computer vision and pat- 688
tern recognition workshops, pages 958–959. 689

Md Mohaiminul Islam, Ngan Ho, Xitong Yang, Tushar 690
Nagarajan, Lorenzo Torresani, and Gedas Bertasius. 691
2024. Video recap: Recursive captioning of hour- 692
long videos. In Proceedings of the IEEE/CVF Con- 693
ference on Computer Vision and Pattern Recogni- 694
tion, pages 18198–18208. 695

Minkuk Kim, Hyeon Bae Kim, Jinyoung Moon, Jin- 696
woo Choi, and Seong Tae Kim. 2024. Do you re- 697
member? dense video captioning with cross-modal 698
memory retrieval. In Proceedings of the IEEE/CVF 699
Conference on Computer Vision and Pattern Recog- 700
nition, pages 13894–13904. 701

Minkuk Kim, Hyeon Bae Kim, Jinyoung Moon, Jin- 702
woo Choi, and Seong Tae Kim. 2025. Hicm2: Hier- 703
archical compact memory modeling for dense video 704
captioning. In Proceedings of the AAAI Conference 705
on Artificial Intelligence, volume 39, pages 4293– 706
4301. 707

Ranjay Krishna, Kenji Hata, Frederic Ren, Li Fei-Fei, 708
and Juan Carlos Niebles. 2017. Dense-captioning 709
events in videos. In Proceedings of the IEEE inter- 710
national conference on computer vision, pages 706– 711
715. 712

Yang Liu, Guanbin Li, and Liang Lin. 2023. Cross- 713
modal causal relational reasoning for event-level 714
visual question answering. IEEE Transactions 715
on Pattern Analysis and Machine Intelligence, 716
45(10):11624–11641. 717

Zhiyue Liu, Xinru Zhang, and Jinyuan Liu. 2025. Task- 718
specific information decomposition for end-to-end 719
dense video captioning. In Proceedings of the 63rd 720
Annual Meeting of the Association for Computa- 721
tional Linguistics (Volume 1: Long Papers), pages 722
16524–16536. 723

9

https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2407.21783


Yulei Niu, Kaihua Tang, Hanwang Zhang, Zhiwu Lu,724
Xian-Sheng Hua, and Ji-Rong Wen. 2021. Counter-725
factual vqa: A cause-effect look at language bias. In726
Proceedings of the IEEE/CVF conference on com-727
puter vision and pattern recognition, pages 12700–728
12710.729

Qwen, :, An Yang, Baosong Yang, Beichen Zhang,730
Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan731
Li, Dayiheng Liu, Fei Huang, Haoran Wei, Huan732
Lin, Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin733
Yang, Jiaxi Yang, Jingren Zhou, and 25 oth-734
ers. 2025. Qwen2.5 technical report. Preprint,735
arXiv:2412.15115.736

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya737
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish738
Sastry, Amanda Askell, Pamela Mishkin, Jack Clark,739
and 1 others. 2021. Learning transferable visual740
models from natural language supervision. In In-741
ternational conference on machine learning, pages742
8748–8763. PmLR.743

Gemini Team, Rohan Anil, Sebastian Borgeaud, Jean-744
Baptiste Alayrac, Jiahui Yu, Radu Soricut, Johan745
Schalkwyk, Andrew M Dai, Anja Hauth, Katie Mil-746
lican, and 1 others. 2023. Gemini: a family of747
highly capable multimodal models. arXiv preprint748
arXiv:2312.11805.749

Ramakrishna Vedantam, C Lawrence Zitnick, and Devi750
Parikh. 2015. Cider: Consensus-based image de-751
scription evaluation. In Proceedings of the IEEE752
conference on computer vision and pattern recogni-753
tion, pages 4566–4575.754

Lucas Ventura, Antoine Yang, Cordelia Schmid, and755
Gül Varol. 2025. Chapter-llama: Efficient chapter-756
ing in hour-long videos with llms. In Proceedings of757
the Computer Vision and Pattern Recognition Con-758
ference, pages 18947–18958.759

Teng Wang, Ruimao Zhang, Zhichao Lu, Feng Zheng,760
Ran Cheng, and Ping Luo. 2021. End-to-end dense761
video captioning with parallel decoding. In Proceed-762
ings of the IEEE/CVF international conference on763
computer vision, pages 6847–6857.764

Kangyi Wu, Pengna Li, Jingwen Fu, Yizhe Li, Yang765
Wu, Yuhan Liu, Jinjun Wang, and Sanping Zhou.766
2025. Event-equalized dense video captioning. In767
Proceedings of the IEEE/CVF Conference on Com-768
puter Vision and Pattern Recognition, pages 8417–769
8427.770

Junbin Xiao, Xindi Shang, Angela Yao, and Tat-Seng771
Chua. 2021. Next-qa: Next phase of question-772
answering to explaining temporal actions. In Pro-773
ceedings of the IEEE/CVF conference on computer774
vision and pattern recognition, pages 9777–9786.775

Zhuyang Xie, Yan Yang, Yankai Yu, Jie Wang,776
Yongquan Jiang, and Xiao Wu. 2025. Exploring777
temporal event cues for dense video captioning in778
cyclic co-learning. In Proceedings of the AAAI Con-779
ference on Artificial Intelligence, volume 39, pages780
8771–8779.781

Antoine Yang, Arsha Nagrani, Ivan Laptev, Josef 782
Sivic, and Cordelia Schmid. 2023a. Vidchapters- 783
7m: Video chapters at scale. Advances in Neural 784
Information Processing Systems, 36:49428–49444. 785

Antoine Yang, Arsha Nagrani, Paul Hongsuck Seo, An- 786
toine Miech, Jordi Pont-Tuset, Ivan Laptev, Josef 787
Sivic, and Cordelia Schmid. 2023b. Vid2seq: Large- 788
scale pretraining of a visual language model for 789
dense video captioning. In Proceedings of the 790
IEEE/CVF conference on computer vision and pat- 791
tern recognition, pages 10714–10726. 792

Shoubin Yu, Jaemin Cho, Prateek Yadav, and Mohit 793
Bansal. 2023. Self-chained image-language model 794
for video localization and question answering. Ad- 795
vances in Neural Information Processing Systems, 796
36:76749–76771. 797

Abhay Zala, Jaemin Cho, Satwik Kottur, Xilun Chen, 798
Barlas Oguz, Yashar Mehdad, and Mohit Bansal. 799
2023. Hierarchical video-moment retrieval and step- 800
captioning. In Proceedings of the IEEE/CVF Con- 801
ference on Computer Vision and Pattern Recogni- 802
tion, pages 23056–23065. 803

10

https://arxiv.org/abs/2412.15115


A Method Details804

A.1 Segmentation Head Architecture805

The main text abstracts the boundary predictor806

as gbd(zi). In practice, our segmentation head807

follows the general design of recent multimodal808

video topic segmentation models: it uses sentence-809

aligned clips as basic units, projects visual and810

textual clip features into a shared space, performs811

middle-fusion across modalities, and then predicts812

whether each unit is a topic boundary with a813

lightweight binary classifier.814

Concretely, for the i-th semantic unit, we first815

obtain a visual clip representation and a text repre-816

sentation from sampled video frames and the cor-817

responding ASR sentence, where Ev and Et de-818

note the visual and textual encoders, respectively.819

After projection into the same hidden dimension820

by the trainable projection matrices Wv and Wt,821

the two modalities are fused by a small stack of822

multimodal fusion layers, denoted by MFL, to pro-823

duce updated visual and textual states. We then824

concatenate the fused modality-specific states into825

the multimodal unit representation zi, which is826

used by the segmentation head:827

vi = WvEv(c
v
i ), ti = WtEt(c

t
i), (10)828

829
hvi , h

t
i = MFL(vi, ti), zi = [hvi ;h

t
i], (11)830

831
obasei = gbd(zi) = Wpzi + bp. (12)832

Here, Wp and bp denote the predictor weight833

matrix and bias term of the final binary classi-834

fier. This design keeps the segmentation head835

lightweight while still allowing cross-modal inter-836

action before boundary prediction. Relative to a837

late-fusion design, the middle-fusion structure bet-838

ter exposes cross-modal cues such as transcript839

transitions, slide changes, and visual context shifts840

to the boundary classifier. In our implementation,841

the segmentation head is therefore best viewed as a842

multimodal fusion block followed by a linear clas-843

sifier that outputs the boundary logits in Eq. 1.844

B Dataset Construction and Annotation845

B.1 AVLecture Benchmark846

AVLecture is a long-form instructional-video847

benchmark introduced to audio-visual lecture seg-848

mentaton. The full AVLecture collection contains849

86 courses with over 2,350 lectures and a total du-850

ration of roughly 2,200 hours, covering a broad851

range of STEM subjects. Each course provides852

video lectures together with aligned ASR tran- 853

scripts and OCR signals, and many courses also in- 854

clude auxiliary educational resources such as lec- 855

ture notes, slides, and assignments. Among the 856

86 courses, a 15-course subset with 350 lectures is 857

annotated with temporal segmentation boundaries 858

and serves as the standard benchmark for lecture 859

segmentation. In our work, we adopt this seg- 860

mented subset as the boundary-localization foun- 861

dation, and use the 245/35/70 train/validation/test 862

split described in the main text. We further extend 863

these lectures with chapter-level reference descrip- 864

tions so that the same benchmark can support eval- 865

uation of both chapter localization and chapter de- 866

scription generation. 867

LLM-Assisted Annotation Pipeline. For each 868

video, we use GPT-4o (Hurst et al., 2024) as the 869

annotation model. The input includes the full 870

video transcript, frame-level captions extracted ev- 871

ery 10 seconds, and the start and end timestamps 872

of all ground-truth segments. The model is in- 873

structed to output a JSON object, where each seg- 874

ment is paired with a concise chapter-level descrip- 875

tion. Each description is expected to summarize 876

the main topic of the corresponding segment, re- 877

main faithful to the transcript and frame captions, 878

and distinguish the segment from adjacent chap- 879

ters. When the transcript and frame captions ex- 880

ceed the input budget, we truncate the input while 881

preserving the segment timestamps and the local 882

transcript/caption context around each target seg- 883

ment. 884

Human Verification and Revision. After GPT- 885

4o-assisted annotation, all segment descriptions 886

are manually checked and revised. We correct 887

descriptions that are overly generic, unsupported 888

by the transcript or frame captions, inconsistent 889

with the segment boundary, or redundant with ad- 890

jacent chapters. For segments whose content is 891

distributed across multiple stages of the lecture, 892

we manually improve or combine the generated 893

descriptions to better reflect the complete chapter- 894

level semantics. We also normalize the JSON for- 895

mat, description length, and writing style across 896

videos. The final references are fixed before train- 897

ing and evaluation, and all compared methods use 898

the same augmented references, ensuring that the 899

evaluation remains internally consistent. 900
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C Additional Experimental Results901

C.1 Evaluation Metrics902

For completeness, we briefly summarize the met-903

rics used in the main paper and the appendix tables.904

CIDEr evaluates how well a generated chapter de-905

scription matches the reference description using906

consensus-based n-gram similarity, with higher907

scores indicating better agreement with human-908

written references. METEOR measures genera-909

tion quality through unigram alignment with stem-910

ming and synonym matching, and is designed to911

better reflect semantic adequacy than exact word912

overlap alone.913

For boundary localization, F1 is the harmonic914

mean of precision and recall, and evaluates the915

overall quality of predicted topic boundaries ac-916

cording to how well they match ground-truth917

boundaries. BS@30 (Boundaries at 30 sec-918

onds) measures whether a predicted boundary falls919

within a 30-second tolerance window around a920

ground-truth boundary, thus reflecting boundary-921

detection accuracy under a fixed temporal toler-922

ance. tIoU reports the temporal intersection-over-923

union between predicted and ground-truth seg-924

ments, measuring how accurately the predicted925

chapter partition overlaps with the reference seg-926

mentation. F1@30 applies the F1 criterion under927

the same 30-second matching window, and there-928

fore captures both boundary accuracy and tempo-929

ral tolerance.930

C.2 Backbone Scaling and Complete931

Baseline Results932

Overview. The main experiments use different933

backbone sizes for different purposes: we use934

larger backbones for state-of-the-art comparison,935

and a smaller Qwen2.5-3B backbone for ablation936

studies to control experimental cost while keeping937

variants comparable. This appendix reports the938

complete results behind these choices. We first939

present backbone scaling results for CausalChap-940

ter across the LLaMA and Qwen2.5 families, and941

then provide the full LLM-based baseline and942

closed-source LLM reference results on AVLec-943

ture. These supplementary results verify that the944

gains of CausalChapter are not tied to a single945

model family or scale.946

Table 5 shows two consistent trends. First,947

stronger backbones generally lead to better948

chapter-level generation quality, especially on949

CIDEr. Second, temporal-aware optimization im-950

Backbone temporal-aware CIDEr METEOR

LLaMA-3.2-1B w/o 78.58 10.58
LLaMA-3.2-1B with 83.16 13.05
LLaMA-3.2-3B w/o 93.40 17.15
LLaMA-3.2-3B with 98.45 17.45
LLaMA-3.1-8B w/o 98.38 19.08
LLaMA-3.1-8B with 102.22 19.41

Qwen2.5-0.5B w/o 84.56 10.38
Qwen2.5-0.5B with 86.48 13.41
Qwen2.5-1.5B w/o 90.57 16.19
Qwen2.5-1.5B with 97.94 16.33
Qwen2.5-3B w/o 97.64 17.73
Qwen2.5-3B with 104.59 17.87
Qwen2.5-7B w/o 113.98 18.24
Qwen2.5-7B with 116.88 20.43

Table 5: Backbone scaling results of CausalChapter
on AVLecture. Temporal-aware optimization, further
injects timestamp information and segmentation-stage
temporal features into the generator.

proves most corresponding settings across both 951

LLaMA and Qwen2.5 families. These results sug- 952

gest that the proposed framework benefits from 953

model scaling, while the temporal-aware optimiza- 954

tion provides additional gains beyond simply in- 955

creasing backbone size. 956

Table 6 provides the complete baseline results 957

on AVLecture. Fine-tuned Chapter-Llama variants 958

are much stronger than their zero-shot counter- 959

parts, indicating that task adaptation is important 960

for long-video chaptering. Closed-source LLMs 961

under zero-shot prompting achieve limited perfor- 962

mance, especially on generation metrics, suggest- 963

ing that simply prompting general-purpose LLMs 964

is insufficient for this benchmark. These observa- 965

tions support the need for task-specific modeling 966

of boundary localization and cross-segment con- 967

text dependency. 968

C.3 Qualitative Analysis 969

Beyond quantitative results, we further analyze 970

representative cases in Figure 5 to examine how 971

CausalChapter behaves under smooth boundary 972

transitions and cross-segment context selection. 973

In smooth-boundary cases, baseline methods of- 974

ten rely on local representation changes or textual 975

similarity drops, and therefore tend to delay or 976

miss boundaries when the topic gradually evolves. 977

In contrast, CausalChapter captures a drop in pre- 978

dictive causal dependency between adjacent win- 979

dows through LCDS, allowing it to identify struc- 980

tural changes more accurately. For chapter gener- 981

ation, similarity-based retrieval often selects con- 982

texts that are lexically close but largely repetitive. 983
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Method Backbone Type CIDEr METEOR F1 F1@30 BS@30 tIoU

VTimeLLM ChatGLM3-6B ZS 0.12 1.79 32.46 47.66 45.78 48.21
VTimeLLM Vicuna-7B ZS 0.02 2.04 32.25 47.53 50.97 46.72
VTimeLLM Vicuna-7B FT – 0.59 0.81 20.71 37.38 27.88

Chapter-Llama LLaMA-3.2-1B ZS 14.77 8.36 3.51 8.19 8.19 19.14
Chapter-Llama LLaMA-3.2-1B FT 68.53 15.67 48.18 63.36 63.36 59.30
Chapter-Llama LLaMA-3.2-3B ZS 38.77 12.79 4.39 9.12 9.12 23.58
Chapter-Llama LLaMA-3.2-3B FT 86.07 19.40 47.53 65.11 65.11 60.64
Chapter-Llama LLaMA-3.1-8B ZS 77.32 13.93 20.24 40.40 40.40 41.72
Chapter-Llama LLaMA-3.1-8B FT 99.78 19.04 47.56 63.93 63.93 62.18

GPT-4o – ZS 1.82 2.34 24.32 26.72 26.01 36.12
GPT-4o-mini – ZS 2.80 2.95 15.88 21.50 34.27 31.21
Gemini-2.5-Pro – ZS 2.40 10.03 24.32 26.72 26.01 36.12
Gemini-2.0-Flash – ZS 0.28 3.07 9.64 11.71 27.99 13.54
Claude-3.5-Sonnet – ZS – 5.44 16.49 24.18 38.14 31.75
Claude-Sonnet-4 – ZS 0.02 10.93 18.08 25.36 34.35 38.48

Table 6: Complete long-video LLM baseline and closed-source LLM reference results on AVLecture. ZS denotes
zero-shot prompting and FT denotes fine-tuning.

CSSE instead tends to select segments that pro-984

vide definitions, background, experimental setup,985

or reasoning premises, leading to descriptions that986

are more complete and better aligned with the log-987

ical structure of the whole video.988

The qualitative example is consistent with the989

quantitative results. LCDS provides a local990

dependency-shift signal for smooth boundary lo-991

calization, while CSSE changes context selec-992

tion from surface similarity matching to support993

estimation with respect to the current genera-994

tion. These two behaviors help explain why995

CausalChapter improves both temporal localiza-996

tion and chapter-level generation.997

C.4 Prompt Design for Two-Pass Generation998

We adopt a two-pass prompting strategy for lec-999

ture subheading generation. In both passes, the1000

model receives the transcript of the current video1001

segment and is asked to generate only one con-1002

cise subheading. The system instruction is kept1003

in the non-truncated prompt prefix, while the seg-1004

ment transcript is placed in the truncatable middle1005

part. This design ensures that task instructions, vi-1006

sual tokens, few-shot examples, contextual titles,1007

and generation markers are always preserved dur-1008

ing long-input truncation. Table 7 summarizes the1009

prompt components used in our two-pass genera-1010

tion framework.1011

D LLM Usage Statement 1012

We utilized a large language model (LLM) to im- 1013

prove the grammar, clarity, and overall readability 1014

of this manuscript. The LLM’s role was strictly 1015

limited to language editing and polishing. All 1016

scientific contributions, including the core ideas, 1017

methodology, experimental design, data analysis, 1018

and conclusions, are the original work of the hu- 1019

man authors. The use of the LLM did not alter the 1020

scientific content or its interpretation. 1021
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Ground truth

00:07:47: Interpreting the Mean and Deviation
00:16:39: Markov's Inequality and Shifting Technique
00:26:52: Chebyshev Inequality, Variance, and Standard Deviation

00:41:21: Computing Variance: Rules, Examples, and Additivity

CausalChapter

00:07:47: Mean and Deviation: Intuitive Interpretation
00:16:39: Markov's Inequality and Practical Applications
00:26:53: Chebyshev's Inequality and Standard Deviation
00:41:22: Variance Calculations and Additivity

Chapter-Llama

00:10:47: Deviation from the mean
and Markov's bound

00:23:47: Chebyshev's bound and
standard deviation

00:41:21: Variance calculation
rules and examples

Ground truth

CausalChapter

Chapter-Llama

(a)

Ground truth

00:03:10: One-dimensional coordinate system and unit vectors
00:05:28: Position function and vector components
00:08:48: Displacement vector and its component
00:11:02: Average velocity as displacement over time
00:16:33: Instantaneous velocity and the derivative
00:19:30: Variable acceleration: rocket example and differentiation

CausalChapter

00:07:47: Mean and Deviation: Intuitive Interpretation
00:16:39: Markov's Inequality and Practical Applications
00:26:53: Chebyshev's Inequality and Standard Deviation
00:41:22: Variance Calculations and Additivity

Chapter-Llama

00:04:23: One-dimensional
motion: coordinate system and
position vector

00:12:23: Displacement, average
velocity, and instantaneous
velocity

00:19:30: Differentiation of
position to find velocity and
acceleration

Ground truth

CausalChapter

Chapter-Llama

CausalChapter

00:03:10: One-Dimensional Cartesian Coordinate System
00:05:28: Position vector and its component interpretation
00:08:49: Displacement vector and its components
00:11:03: Average velocity and its definition
00:16:33: Instantaneous velocity as a limit of average velocities

00:19:30: Differentiating a rocket's position to find velocity and acceleration

(b)

Figure 5: Qualitative comparison on AVLecture.

Component Prompt Content

System Prompt You are a helpful assistant generating lecture subheadings. Given the video segment transcript,
generate a concise and informative subheading that captures the main topic. Only output the
subheading, nothing else.

Pass 1: Segment-Level
Generation

Visual context: <VIS_0><VIS_1>...<VIS_N>.
Optional few-shot examples are provided in the format: Segment: [example transcript]
Subheading: [example title].
Optional related subheadings from the same lecture are provided as contextual titles. The current
segment transcript is then given as: Segment: [current segment transcript].
The model is required to output only the generated subheading.

Pass 2: Temporal Re-
finement

Visual context: <VIS_0><VIS_1>...<VIS_N>.
Temporal and causal rules: every retrieved context is from a segment before the current segment.
Use a retrieved context only if it helps clarify the topic transition or dependency. Ignore irrelevant
retrieved contexts. Never copy a previous title as the current title. The final subheading must
describe only the current segment.
The Pass-1 generated title is provided as the initial draft. The model is asked to keep it unchanged
if it accurately captures the main concept using correct technical terms. If the draft misses a
critical technical term or the main concept is wrong, the model generates a better subheading
while preserving all correct technical terms from the draft.
Retrieved previous contexts are provided as previous titles with metadata such as temporal dis-
tance, source, and retrieval score. The current segment transcript is then given as: Current
segment transcript: [current segment transcript].
The model is required to output only the final refined subheading.

Table 7: Prompt components used in the two-pass generation framework.
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