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Abstract

Long-form instructional videos require auto-
matic chaptering to support browsing, navi-
gation, and knowledge access. Recent long-
context language models can perform chap-
tering from textualized video inputs, but
they remain costly and brittle for content-
dense lecture videos with long transcripts,
smooth topic transitions, and detailed chap-
ter outputs. A scalable segment-then-caption
paradigm reduces this cost, but introduces
two new challenges: boundary error propa-
gation and fragmented cross-chapter context.
We propose CausalChapter, an intervention-
inspired framework for long-video chapter-
ing that estimates prediction-level influence
through lightweight masking and removal in-
terventions. For boundary localization, our Lo-
cal Dependency Shift module detects drops in
predictive dependency between adjacent tem-
poral windows; for chapter description gen-
eration, our Cross-Segment Support Selection
module reranks historical contexts according
to their support for the current prediction.
Experiments on long-video chaptering bench-
marks show that CausalChapter consistently
improves boundary localization, chapter de-
scription quality, and cross-chapter coherence.

1 Introduction

Long-form videos, such as lectures, meeting
recordings, and online tutorials, have become an
important source of knowledge and communica-
tion. To make such videos searchable and naviga-
ble, models need to organize them into temporally
grounded and semantically coherent units. Dense
video captioning (DVC) provides a representative
localize-and-describe paradigm, where a model
detects multiple events in an untrimmed video
and generates a description for each event (Kr-
ishna et al., 2017; Iashin and Rahtu, 2020a; Wang
et al.,, 2021; Yang et al., 2023b). However,

DVC mainly focuses on short-term event-level seg-
ments, whereas long-form video navigation re-
quires higher-level temporal organization. Video
chaptering addresses this need by partitioning a
long video into consecutive chapters and generat-
ing navigable titles or descriptions for each chap-
ter (Yang et al., 2023a; Ventura et al., 2025).

Recent progress in long-video chaptering has
been driven by large-scale datasets and long-
context language models. VidChapters-7M intro-
duces a large-scale benchmark of user-annotated
chapters for open-domain videos (Yang et al.,
2023a). Chapter-Llama converts videos into times-
tamped Automatic Speech Recognition (ASR)
transcripts and frame captions, and predicts chap-
ter boundaries and free-form titles with a long-
context LLM in a single forward pass (Ventura
et al., 2025). While effective, such holistic long-
context modeling faces increasing cost in content-
dense instructional videos, where ASR transcripts
are long, topic transitions are smooth, and chapter
outputs often require detailed descriptions rather
than short titles, as illustrated in Fig. 1(a). Un-
der practical context budgets, processing the entire
textualized video may require truncation, sparse
sampling, or compression (Wang et al., 2021;
Yang et al., 2023b; Kim et al., 2024), which may
discard fine-grained evidence needed for boundary
localization and chapter description generation.

A scalable alternative is the segment-then-
caption paradigm (Islam et al., 2024; Zala et al.,
2023): the model first predicts chapter bound-
aries to divide a long video into local segments,
and then generates a description for each segment.
This decomposition reduces the input length of
each generation step and aligns the generation in-
put with chapter-level outputs. However, it also
shifts the central challenge from holistic encoding
to identifying which local transitions and histor-
ical segments truly matter for prediction. First,
boundary errors may propagate to the generation
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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-
ter content into the current segment or omit key se-
mantic units. Second, independent segment-level
generation can break cross-chapter context, which
is often crucial in lectures and tutorials where later
chapters depend on earlier definitions, assump-
tions, or examples.

A straightforward solution is to augment each
segment with additional context retrieved from
nearby or semantically similar segments. Exist-
ing retrieval- or memory-augmented methods com-
monly select context based on semantic similar-
ity, temporal proximity, or visual similarity (Kim
et al., 2024, 2025). However, in instructional long
videos, surface relevance does not necessarily im-
ply prediction utility. A highly similar segment
may simply repeat the current content, while an

earlier segment with lower lexical or visual simi-
larity may introduce a definition or logical premise
that is crucial for describing the current chapter,
as shown in Figure 1(c). This suggests a differ-
ent criterion for long-video chaptering: a tempo-
ral unit should be judged by whether intervening
on it changes the model’s prediction, rather than
by whether it is visually similar, temporally close,
or lexically overlapping with the current segment.
The same criterion can also inform boundary local-
ization. Within a coherent chapter, preceding units
usually provide predictive support for subsequent
units; near a chapter transition, this dependency
may drop even when the transition is visually or
lexically smooth, as shown in Figure 1(b).

Motivated by this observation, we propose
CausalChapter, an intervention-inspired frame-
work for scalable long-video chapter generation.
CausalChapter estimates intervention-defined pre-
dictive dependency, namely the observable change
in model prediction caused by masking, perturb-
ing, or removing input components. Our goal
is not to recover the real-world causal structure
of video content, but to measure the prediction-
level influence of semantic units and context seg-
ments as a practical signal of predictive support.
For boundary localization, we introduce Local De-
pendency Shift (LCDS), which masks semantic
units in a preceding temporal window and mea-
sures how much the intervention affects the recon-
struction of the subsequent window. A local drop
in this dependency provides an auxiliary signal for
detecting smooth chapter transitions. For chap-
ter description generation, we introduce Cross-
Segment Support Selection (CSSE), which re-
moves candidate context segments and measures
their influence on the generated description. Seg-
ments with high estimated support are selected for
second-pass generation, improving the complete-
ness and cross-chapter coherence of the final chap-
ter descriptions.

Our contributions are summarized as follows:
(1) We introduce LCDS, an intervention-inspired
dependency-drop signal for smooth chapter bound-
ary localization. (2) We introduce CSSE, an
intervention-based support estimation mechanism
for cross-segment context selection. (3) We show
that the proposed interventional mechanism miti-
gates boundary error propagation and context frag-
mentation in scalable long-video chaptering.



2 Related Work

Video Chaptering. Video chaptering aims to
partition a long video into consecutive, non-
overlapping, and semantically coherent chapters,
while generating titles or summaries for brows-
ing and navigation. A related task is dense video
captioning (DVC), which localizes and describes
multiple events in untrimmed videos (Iashin and
Rahtu, 2020a,b; Wang et al., 2021; Yang et al.,
2023b; Wang et al., 2021; Kim et al., 2024; Liu
et al., 2025; Wu et al., 2025; Xie et al., 2025).
Recent DVC studies further incorporate memory
or retrieval-augmented mechanisms to improve
event-level descriptions (Kim et al., 2024; Xie
et al., 2025; Wu et al., 2025; Liu et al., 2025).
Although DVC follows a localize-and-describe
paradigm, it mainly focuses on short-term event-
level segments whose boundaries are often associ-
ated with local visual or event changes, making it
less suited to long-form videos governed by high-
level topic progression.

For long-form video chaptering, VidChapters-
7M introduces a large-scale dataset of user-
annotated chapters and defines several chaptering
tasks, including chapter generation and chapter
grounding (Yang et al., 2023a). More recently,
Chapter-Llama represents long videos as times-
tamped ASR transcripts and frame captions, and
uses a long-context LL.M to jointly predict chapter
boundaries and free-form chapter titles in a single
forward pass (Ventura et al., 2025). These studies
demonstrate the effectiveness of textualized video
representations and long-context reasoning. Dif-
ferent from holistic long-context chaptering meth-
ods, we study a scalable segment-then-caption for-
mulation and explicitly address the boundary error
propagation and cross-segment context fragmenta-
tion introduced by this decomposition.

Context Augmentation and Selection. Context
augmentation has been widely explored in video-
language generation through memory propaga-
tion, retrieval augmentation, and evidence selec-
tion (Kim et al., 2024; Yu et al., 2023; Xie et al.,
2025; Wu et al., 2025; Liu et al., 2025). Ex-
isting methods commonly identify useful context
based on semantic similarity, temporal proxim-
ity, cross-modal matching, or attention-based rel-
evance. However, for information-dense lectures,
surface-level relevance does not necessarily reflect
prediction utility. An earlier definition, assump-
tion, or logical premise may be crucial for the

current chapter despite low lexical or visual sim-
ilarity, while a highly similar segment may sim-
ply repeat the current content. Our work therefore
treats retrieval as candidate construction only, and
performs final context selection according to each
segment’s observable influence on current chapter
generation.

Causal Video Reasoning. Causal and counter-
factual reasoning has been introduced into video
understanding to reduce spurious correlations,
mitigate language priors, and model event rela-
tions (Xiao et al., 2021; Niu et al., 2021; Liu et al.,
2023; Chen et al., 2025). Prior studies construct
causal video question answering benchmarks, ap-
ply counterfactual interventions for bias reduction,
or discover event-level causal structures for video
reasoning. Different from these works, we use
lightweight masking and removal interventions
to estimate prediction-level influence for long-
video chaptering, making our approach closer to
intervention-based utility estimation than to causal
structure discovery.

3 Method

3.1 Task Formulation and Overview

Given a long video V, the goal is to generate
a temporally grounded chapter sequence C =
{(sk,ek,yk)}le, where s, and e, denote the
start and end timestamps of the k-th chapter, and
yi denotes its chapter-level description. The pre-
dicted chapters are expected to be consecutive,
non-overlapping, and semantically coherent.

We propose CausalChapter, a segment-then-
caption framework for long-video chapter genera-
tion. CausalChapter first predicts chapter bound-
aries and then generates a description for each
resulting segment. This decomposition is scal-
able, but it introduces two key challenges, namely
boundary error propagation and cross-segment
context fragmentation. We address them with
two intervention-inspired modules: Local De-
pendency Shift improves boundary localization
by measuring drops in predictive dependency
between adjacent temporal windows.  Cross-
Segment Support Selection improves chapter
generation by selecting historical segments that
provide strong predictive support for the current
description. Here, predictive dependency denotes
the observable change in model prediction under
masking or removal interventions, and serves as an
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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 rather
than a claim about real-world causal structure.

3.2 Segment-then-Caption Backbone

We instantiate a segment-then-caption backbone
over sentence-level semantic units &/ = {u; =
(z4,t5,t9)}N |, where x; denotes the i-th ASR sen-

tence and ¢, t its timestamps. For each unit, we

sample video frames at 1 FPS within [t7, ¢¢] and
extract CLIP visual features (Radford et al., 2021),
and fuse them with the ASR representation to ob-
tain a multimodal semantic-unit representation z;.

Given z;, a boundary classifier g,q forecasts the
probability of a chapter boundary occurring after

the :-th unit:

base base

0, = gpa(2i),p; pase

= U(Oz )Cba

ey

where oP®¢ € R? is boundary logits, ¢ is the
boundary class index, and p?ase is the predicted
boundary probability. The predicted boundaries
are used to divide the video into chapter segments
S = {Skhe-

For each segment Sy, we construct a generation
input I}, from the segment ASR text, a compressed
visual representation, an explicit temporal prompt,
and a temporal feature pooled from semantic-unit
representations within Sy. The LLM-based gener-
ator Gy then produces a first-pass chapter descrip-
tion g = Gp(Ix), where 6 includes trainable pa-
rameters such as LoRA adapters and lightweight

projection modules. This backbone improves scal-
ability, but its boundary prediction mainly relies
on local multimodal evidence, and its generation
is primarily conditioned on the current segment.

3.3 Local Dependency Shift

Smooth topic transitions are difficult to localize
from local visual or lexical changes alone, because
adjacent units across chapter boundaries may re-
main semantically coherent. We treat a bound-
ary as positions where the predictive dependency
drops between neighboring temporal windows.

For a candidate boundary after u;, we construct
a preceding window A; = [z;—w41,...,2; and a
following window B; = [2i11, ..., zi+w], Where
W is the window size. A MLP-based dependency
predictor Ry reconstructs the following window
from the preceding one, B; = R4(A;). To esti-
mate the contribution of each preceding unit, we
mask the r-th unit in A; to obtain AZ\T and predict
B} = Ry(A).

The intervention effect is measured by the rep-
resentation change in the predicted following win-
dow:

o LA
Girg = Drep(bi,ja b};)vdz = W Z Zgi,r,jv

r=1 j=1
R @)
where D, denotes cosine distance, b; ; and bz\g
are the j-th predicted representations before and



after intervention. A larger d; indicates stronger
predictive support from the preceding window to
the following one, while a smaller d; indicates
weaker temporal dependency.

We then compare d; with its neighborhood.
Let N (i) denote neighboring candidate positions
around i within a fixed local radius, and let d; =
mzqe N (i) dq be the local reference depen-
dency. Since we only care about dependency
drops, the final dependency-shift score is

sdep — Norm (max(0, d; — d;)), ©)

]

where Norm(-) denotes min-max normalization
over all candidate boundary positions in the video.
A larger s?ep suggests a stronger local dependency
drop and is therefore more likely to indicate a
smooth chapter boundary.

Finally, we inject this score into the boundary-
class logit, (0., = (07%¢),, + vs°P, where
v is a learnable scaling coefficient. The enhanced
boundary probability is p{™* = o (o¢™1).,. LCDS
thus complements the base boundary classifier
with an intervention-defined structural cue.

3.4 Cross-Segment Support Selection

Independent chapter generation often misses long-
range prerequisites such as earlier definitions, as-
sumptions, and problem setups. We therefore esti-
mate the predictive support of historical segments
through removal interventions. For each segment
Sk, we build a segment representation h; =
FEeo(Sk, Uk) using the segment content, tempo-
ral information, segmentation-stage features, and
first-pass description. To control computation, we
first construct a compact candidate context set:

Cj, = CPeUCE™, C3™ = TopM,_,Sim(hy, hy),

4
where C;°*" contains temporally neighboring his-
torical segments, C}°™ contains semantically re-
trieved segments, and M is a small retrieval bud-
get. This stage only narrows the search space and
does not determine the final contexts.

Given C}, the generator produces a reference
description with all candidate contexts, y,ﬂ“” =
Go(I, Uk, C), and then removes each candidate
segment S; € C} in turn to obtain y,y =
Go(Li, Uk, Cr \ {5;}). If removing S; substan-
tially changes the output, then S; is considered to
provide strong predictive support for the current

chapter. We define its support score as

$iok = Dout (Y™, y), (5)

where Dgy (-, -) measures the output difference be-
fore and after removal.

The top-ranked contexts are then selected as
Ri = TopKSjeck(sj_,k), and the final chapter
description is generated as yx, = Gg(Ij, Ui, Ri).
This shifts context selection from similarity-driven
matching to intervention-driven support estima-
tion. Since interventions are performed only on
the compact candidate set C}, the additional cost
scales with the candidate size rather than the total
number of video segments.

3.5 Training Objective and Inference

The boundary module is trained with supervised
boundary labels using

Log=—Y logpi™(b7), (6)

where b; is the ground-truth boundary label af-
ter u;. The dependency predictor is trained to
reconstruct the following window with Lyec
Ei Drec(Bi7 Bz)

The generator is trained with the standard auto-
regressive objective:

Egon = - ZZIOgPQ(yZ,t | ylt,<t>Ik7Rk)a

E ot

@)

where y; is the ground-truth chapter description,
together with a timestamp reconstruction loss

Z log po(yt | y<t, Ix).  (8)

tEQtimc

ﬁtime = -

The final objective is
L= Lpq + Lrec + ﬁgen + £time7 )]

At inference time, CausalChapter first encodes
semantic units and predicts enhanced chapter
boundaries, which define chapter segments. The
generator then produces first-pass descriptions,
retrieves candidate historical contexts, estimates
their support scores through removal interventions,
and generates final descriptions with the top sup-
portive contexts. The final output is the chapter

sequence C = {(sg, ek, yr) }o_;.
4 Experiments

4.1 Experimental Setup

Datasets. We evaluate CausalChapter on two
long-video chaptering benchmarks. The primary



benchmark is AVLecture (Gupta et al., 2023),
which contains long lecture videos with ASR tran-
scripts, OCR outputs, visual content, and human-
annotated topic boundaries. Since AVLecture does
not provide chapter-level descriptions, we aug-
ment each ground-truth segment with a human-
verified LLM-assisted chapter description. All
models are trained and evaluated on the same aug-
mented references. We use 245 videos for train-
ing, 35 for validation, and 70 for testing. We
further evaluate generalization on VidChapters-
7M (Yang et al., 2023a), which provides user-
annotated chapter boundaries and titles. Details
of the annotation protocol are provided in Ap-
pendix B.1.

Metrics. We evaluate both chapter localization
and description generation. For localization, we
report F1 @30 and tloU on AVLecture, and follow
prior work to report F1 and tloU on VidChapters-
7M. For generation, we report CIDEr (Vedantam
et al., 2015) on both datasets. On AVLecture, we
report SODA_c (Fujita et al., 2020), computed
with SODA type-c using IoU-weighted METEOR
matching. On VidChapters-7M, we follow the
Chapter-Llama evaluation and report its bench-
mark notation SODA.

Baselines. We compare CausalChapter with
representative dense video captioning methods,
including PDVC (Wang et al., 2021) and
Vid2Seq (Yang et al., 2023b), as well as long-
video LLM and video chaptering baselines, in-
cluding VTimeLLM (Huang et al., 2024) and
Chapter-Llama (Ventura et al., 2025). We
also include closed-source LLMs, GPT-40 (Hurst
et al., 2024), Gemini-2.5-Pro and Gemini-2.0-
Flash (Team et al., 2023), as reference systems.
All trainable baselines are adapted to the same in-
put setting and evaluated with the same references
whenever applicable.

Implementation. For state-of-the-art compari-
son, we use Qwen2.5-7B (Qwen et al., 2025) on
AVLecture and LLaMA-3.1-8B (Grattafiori et al.,
2024) on VidChapters-7M. For controlled abla-
tions, we use Qwen2.5-3B as the generation back-
bone and keep it fixed across all variants. All train-
able LLMs are adapted with LoRA, where we set
the rank and scaling factor to (r, o) = (32, 64) for
Qwen2.5-8B and (r,a) = (8,16) for Qwen2.5-
3B. Models are trained with AdamW using a learn-
ing rate of 5 x 1077, batch size 1, and maximum

Type Method CIDEr SODA_c¢ F1@30 tloU
PDVC 6.11 - 9.07  56.44
DVC . s
Vid2Seq 61.22 9.79 984  53.77
VTimeLLM Vet 0.02 3.04 47.53  46.72
Chapter-Llama™“MA 9978 8.15 63.93  62.18
Chap.  Chapter-Llama®"" 95.36 6.91 5773 59.62
CausalChapter ™4 10222 10.20 7297  69.95
CausalChapter®™"  116.88  13.80  72.97  69.95
GPT-40 1.82 0.08 2672 36.12
LLM  Gemini-2.5-Pro 2.40 1.64 2672 36.12
Gemini-2.0-Flash 0.28 0.18 11.71 1354
(a) AVLecture
Type Method CIDEr SODA F1 tloU
DVC  Vid2Seq™ 55.8 11.6 267 586
Chapter-Llama"™™4 1009 193 453 718
Chap. CausalChapter™™™* 1015 185 462 72.0
CausalChapter2¥®" 109.2 188 462 72.0
[y GPTHo 51.0 8.1 376 68.0
Gemini-2.0-Flash 69.7 114 402 693

(b) VidChapters-7M

Table 1: Comparison of video chaptering methods on
AVLecture and VidChapters-7M. Superscripts indicate
the backbone: 5 T5, Vicuna Vicuna-7B, MeMA 1 [ aMA -
3.1-8B, and 2**" Qwen2.5-7B. Methods without su-
perscripts use proprietary models or do not report a
backbone.” indicates that VTimeLLLM is not fine-tuned
on AVLecture.

input length 8192. For prompting, all methods
use the same segment-level instruction template,
which includes the segment ASR, visual summary,
timestamp prompt, and optional retrieved contexts.
For CSSE, we construct candidate contexts from
temporal neighbors and semantic retrieval, and se-
lect the top-K = 5 segments, and for LCDS we
setting window size W' =5 for interventional depen-
dency modeling. We use deterministic decoding
with temperature O for intervention scoring to en-
sure that output changes are attributable to context
removal, and use the same decoding setting across
all compared variants. Experiments are conducted
on a Debian GNU/Linux 12 server equipped with
a single NVIDIA H800 PCIle GPU with 80 GB
memory.

4.2 Main Result

We compare CausalChapter with dense video
captioning methods, long-video LLM baselines,
video chaptering models, and closed-source LLMs
under zero-shot prompting. Tab. 1 reports results
on the augmented AVLecture and VidChapters-
7M benchmarks.



Method CIDEr METEOR SODA_ ¢ F1 BS@30 tloU
Backbone  88.39 16.83 10.84 5295 59.61 66.36
+LCDS 91.36 17.37 1190 56.72 63.02 69.95
+ CSSE 98.40 17.15 1263 5295 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 achieves
the best overall performance among trainable mod-
els. Compared with dense video captioning base-
lines such as PDVC (Wang et al.,, 2021) and
Vid2Seq (Yang et al., 2023b), CausalChapter ob-
tains substantially higher localization and gener-
ation scores, showing that short-video event cap-
tioning methods are less effective for long lec-
ture chaptering. Compared with the strongest fine-
tuned chaptering baseline, Chapter-Llama (Ven-
tura et al., 2025), CausalChapter improves CIDEr
from 99.78 to 116.88, F1@30 from 63.93% to
72.97%, and tloU from 62.18% to 69.95% as
shown in Tab. 1(a) These gains indicate that
CausalChapter improves both chapter-level de-
scription quality and temporal boundary localiza-
tion in content-dense instructional videos. Closed-
source LLMs perform worse than fine-tuned mod-
els under zero-shot prompting, especially on met-
rics like CIDEr, SODA_c, and localization. This
highlights the need for temporally grounded and
structurally consistent outputs in long-video chap-
tering, which are challenging to achieve without
task-specific adaptation. We further provide a
qualitative comparison with Chapter-Llama in Ap-
pendix C.3, showing that CausalChapter produces
more accurate temporal segmentations and more
semantically aligned chapter titles on representa-
tive cases.

Results on VidChapters-7M. Tab. 1(b) shows
that our method also generalizes to VidChapters-
7M, which contains more diverse open-domain
videos with user-annotated chapter boundaries
and titles. Despite using a compact backbone,
CausalChapter achieves competitive or better per-
formance than long-video LLM baselines on both

Method F1 F1@30 BS@30 tloU
Baseline 5295 7128  59.61 66.36
Sim. Drop 54.51 7241 61.80 65.68
CLLoss 5328 7091 59.75  65.23
Ours 56.72 7297 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
that the proposed dependency-enhanced segment-
then-caption framework is not specific to lecture
videos and can transfer to broader long-video
chaptering scenarios.

4.3 Ablation Studies

We conduct ablation studies on AVLecture to
examine the contribution of each component
in CausalChapter. All variants use the same
Qwen2.5-3B generation backbone and training
data. (1) Backbone denotes the base segment-then-
caption model. (2) +LCDS adds Local Depen-
dency Shift for boundary localization, while (3)
+CSSE adds Cross-Segment Support Selection for
chapter generation, and (4) Full further includes
the temporal-aware training objective.

As shown in Table 2, LCDS mainly improves
boundary-oriented metrics. Compared with the
backbone, +LCDS improves F1 from 52.95% to
56.72%, BS@30 from 59.61% to 63.02%, and
tloU from 66.36% to 69.95%, showing that lo-
cal dependency shifts provide useful auxiliary ev-
idence for boundary localization. CSSE mainly
improves generation-oriented metrics while leav-
ing boundary predictions unchanged. It increases
CIDEr from 88.39 to 93.40 and SODA_c from
10.84 to 12.63, indicating that intervention-based
context selection helps generate more complete
chapter descriptions. The two modules are com-
plementary. The full model achieves the best
CIDEr, METEOR, and SODA_c scores, reaching
104.59, 17.87, and 12.73, respectively. These re-
sults show that LCDS mitigates boundary error
propagation, CSSE alleviates cross-segment con-
text fragmentation, and their combination leads to
stronger overall chaptering performance.

4.4 Analysis of Interventional Dependency
Modeling

We further analyze whether intervention-defined
dependency provides more useful signals than sim-
pler relevance-based alternatives. Table 3 evalu-
ates different boundary cues for LCDS. Sim. Drop
detects boundaries by measuring representation



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, and
CL Loss replaces the intervention-based score with
a contrastive learning objective. Although sim-
ilarity drop improves over the baseline on sev-
eral threshold-based metrics, it slightly reduces
tloU, suggesting that surface discontinuity does
not reliably capture chapter-level segment qual-
ity. CL Loss brings only marginal gains. In
contrast, our intervention-based dependency score
achieves the best results across all metrics, improv-
ing F1 from 52.95% to 56.72% and tloU from
66.36% to 69.95%. This supports our motivation
that smooth chapter boundaries are better charac-
terized by changes in predictive dependency than
by local similarity changes alone.

Table 4 evaluates different context selection
strategies for CSSE, using the same Qwen2.5-
3B backbone and predicted boundaries to iso-
late the effect of context selection. Previous-
K selects temporally nearest preceding segments,
Sim. Top-K retrieves semantically similar seg-
ments, and LLM Scoring ranks candidates by
LLM-estimated relevance. Previous-K brings lim-
ited gains, indicating that nearby segments do
not necessarily contain useful prerequisite infor-
mation. Our method outperforms others on all gen-
eration metrics, with significant improvements in
CIDEr (88.39 to 104.59) and SODA _c (10.84 to
12.73), demonstrating the superiority of measuring
a context segment’s value by its influence on cur-
rent generation over methods relying on temporal
distance, semantic similarity, or relevance scores.

Window-size sensitivity. We further analyze the
effect of the LCDS window size W. As shown in
Figure 3, W = 5 provides the most balanced per-
formance across boundary-oriented metrics, im-
proving F1, BS@30, and tloU over the backbone
while maintaining competitive F1@30. This sug-
gests that a moderate local window captures suffi-
cient cross-boundary dependency changes without
introducing excessive neighboring noise.

F1 tloU
56.72

9.95

6
70| baseline 66.36

baseline 52.95

LCDS window size
-- Baseline O Ww=s (@]

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

CIDEr METEOR

17.87
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04.59 18.0

104.
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100 /)———0——47

Score

CSSE Top-K

=—0=— (CSSE --- Baseline O K=5 O Best metric

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

Top-K sensitivity. We further analyze the ef-
fect of the number of supportive contexts selected
by CSSE. As shown in Figure 4, increasing Top-
K generally improves generation quality over the
backbone, indicating that cross-segment support-
ive contexts provide useful complementary infor-
mation for chapter description generation. The
setting K = 5 achieves the best METEOR score
and a strong CIDEr score, improving CIDEr from
88.39 to 104.59 and METEOR from 16.83 to
17.87. Therefore, we use K = 5 as a balanced
setting in our main experiments.

5 Conclusion

We presented CausalChapter, an interventional
dependency modeling framework for long-video
chaptering. = To address the boundary error
propagation and cross-segment context fragmen-
tation introduced by segment-level generation,
CausalChapter estimates intervention-defined pre-
dictive dependencies as task-oriented support sig-
nals. Specifically, LCDS captures local depen-
dency drops between adjacent temporal windows
to provide auxiliary evidence for smooth chap-
ter boundaries, while CSSE selects cross-segment
contexts according to their intervention-defined
support for current chapter generation. Experi-
ments on AVLecture and VidChapters-7M show
that CausalChapter improves temporal localiza-
tion, description quality, and cross-chapter coher-
ence over strong baselines. These results highlight
intervention-defined dependency as a useful signal
for scalable and coherent long-video chaptering.



Limitations

CausalChapter has several limitations.  First,
intervention-defined dependency should be inter-
preted as prediction-level influence rather than
real-world causal discovery. Our goal is not to
recover causal relations among video events or
chapters, but to identify semantic units or con-
text segments that affect boundary prediction and
chapter-level generation under controlled masking
or removal interventions. Second, our augmented
AVLecture benchmark uses human-verified LLM-
assisted chapter descriptions, which may inherit
some stylistic regularities from the annotation
pipeline. To reduce this effect, all compared meth-
ods are trained and evaluated with the same aug-
mented references, and the gains on VidChapters-
7M further suggest that the proposed framework is
not specific to this annotation protocol. To reduce
this effect, all compared methods are trained and
evaluated with the same augmented references,
and the gains on VidChapters-7M further suggest
that the proposed framework is not specific to this
annotation protocol. Third, CSSE introduces addi-
tional inference cost because it estimates context
support through removal interventions. We con-
trol this cost by applying interventions only to a
compact candidate set constructed from temporal
neighbors and semantic retrieval, rather than to all
segments or tokens. Further acceleration of sup-
port estimation is an interesting direction for fu-
ture work.
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A Method Details

A.1 Segmentation Head Architecture

The main text abstracts the boundary predictor
as gpa(zi). In practice, our segmentation head
follows the general design of recent multimodal
video topic segmentation models: it uses sentence-
aligned clips as basic units, projects visual and
textual clip features into a shared space, performs
middle-fusion across modalities, and then predicts
whether each unit is a topic boundary with a
lightweight binary classifier.

Concretely, for the i-th semantic unit, we first
obtain a visual clip representation and a text repre-
sentation from sampled video frames and the cor-
responding ASR sentence, where E, and E}; de-
note the visual and textual encoders, respectively.
After projection into the same hidden dimension
by the trainable projection matrices W, and W4,
the two modalities are fused by a small stack of
multimodal fusion layers, denoted by MFL, to pro-
duce updated visual and textual states. We then
concatenate the fused modality-specific states into
the multimodal unit representation z;, which is
used by the segmentation head:

v; = WyEy(c),

ti = WiE(c}), (10

hY, ht = MFL(v;, t;),

base

i = gbd(zi) = szi + bp-

zi = [hY;RY),  (11)
(12)

Here, W, and b, denote the predictor weight
matrix and bias term of the final binary classi-
fier. This design keeps the segmentation head
lightweight while still allowing cross-modal inter-
action before boundary prediction. Relative to a
late-fusion design, the middle-fusion structure bet-
ter exposes cross-modal cues such as transcript
transitions, slide changes, and visual context shifts
to the boundary classifier. In our implementation,
the segmentation head is therefore best viewed as a
multimodal fusion block followed by a linear clas-
sifier that outputs the boundary logits in Eq. 1.

[¢)

B Dataset Construction and Annotation

B.1 AVLecture Benchmark

AVLecture is a long-form instructional-video
benchmark introduced to audio-visual lecture seg-
mentaton. The full AVLecture collection contains
86 courses with over 2,350 lectures and a total du-
ration of roughly 2,200 hours, covering a broad
range of STEM subjects. Each course provides
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video lectures together with aligned ASR tran-
scripts and OCR signals, and many courses also in-
clude auxiliary educational resources such as lec-
ture notes, slides, and assignments. Among the
86 courses, a 15-course subset with 350 lectures is
annotated with temporal segmentation boundaries
and serves as the standard benchmark for lecture
segmentation. In our work, we adopt this seg-
mented subset as the boundary-localization foun-
dation, and use the 245/35/70 train/validation/test
split described in the main text. We further extend
these lectures with chapter-level reference descrip-
tions so that the same benchmark can support eval-
uation of both chapter localization and chapter de-
scription generation.

LLM-Assisted Annotation Pipeline. For each
video, we use GPT-4o0 (Hurst et al., 2024) as the
annotation model. The input includes the full
video transcript, frame-level captions extracted ev-
ery 10 seconds, and the start and end timestamps
of all ground-truth segments. The model is in-
structed to output a JSON object, where each seg-
ment is paired with a concise chapter-level descrip-
tion. Each description is expected to summarize
the main topic of the corresponding segment, re-
main faithful to the transcript and frame captions,
and distinguish the segment from adjacent chap-
ters. When the transcript and frame captions ex-
ceed the input budget, we truncate the input while
preserving the segment timestamps and the local
transcript/caption context around each target seg-
ment.

Human Verification and Revision. After GPT-
4o-assisted annotation, all segment descriptions
are manually checked and revised. We correct
descriptions that are overly generic, unsupported
by the transcript or frame captions, inconsistent
with the segment boundary, or redundant with ad-
jacent chapters. For segments whose content is
distributed across multiple stages of the lecture,
we manually improve or combine the generated
descriptions to better reflect the complete chapter-
level semantics. We also normalize the JSON for-
mat, description length, and writing style across
videos. The final references are fixed before train-
ing and evaluation, and all compared methods use
the same augmented references, ensuring that the
evaluation remains internally consistent.



C Additional Experimental Results

C.1 Evaluation Metrics

For completeness, we briefly summarize the met-
rics used in the main paper and the appendix tables.
CIDETr evaluates how well a generated chapter de-
scription matches the reference description using
consensus-based n-gram similarity, with higher
scores indicating better agreement with human-
written references. METEQOR measures genera-
tion quality through unigram alignment with stem-
ming and synonym matching, and is designed to
better reflect semantic adequacy than exact word
overlap alone.

For boundary localization, F1 is the harmonic
mean of precision and recall, and evaluates the
overall quality of predicted topic boundaries ac-
cording to how well they match ground-truth
boundaries. BS@30 (Boundaries at 30 sec-
onds) measures whether a predicted boundary falls
within a 30-second tolerance window around a
ground-truth boundary, thus reflecting boundary-
detection accuracy under a fixed temporal toler-
ance. tIoU reports the temporal intersection-over-
union between predicted and ground-truth seg-
ments, measuring how accurately the predicted
chapter partition overlaps with the reference seg-
mentation. F1@30 applies the F1 criterion under
the same 30-second matching window, and there-
fore captures both boundary accuracy and tempo-
ral tolerance.

C.2 Backbone Scaling and Complete
Baseline Results

Overview. The main experiments use different
backbone sizes for different purposes: we use
larger backbones for state-of-the-art comparison,
and a smaller Qwen2.5-3B backbone for ablation
studies to control experimental cost while keeping
variants comparable. This appendix reports the
complete results behind these choices. We first
present backbone scaling results for CausalChap-
ter across the LLaMA and Qwen2.5 families, and
then provide the full LLM-based baseline and
closed-source LLLM reference results on AVLec-
ture. These supplementary results verify that the
gains of CausalChapter are not tied to a single
model family or scale.

Table 5 shows two consistent trends. First,
stronger backbones generally lead to better
chapter-level generation quality, especially on
CIDEr. Second, temporal-aware optimization im-
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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
LLaMA and Qwen2.5 families. These results sug-
gest that the proposed framework benefits from
model scaling, while the temporal-aware optimiza-
tion provides additional gains beyond simply in-
creasing backbone size.

Table 6 provides the complete baseline results
on AVLecture. Fine-tuned Chapter-Llama variants
are much stronger than their zero-shot counter-
parts, indicating that task adaptation is important
for long-video chaptering. Closed-source LLMs
under zero-shot prompting achieve limited perfor-
mance, especially on generation metrics, suggest-
ing that simply prompting general-purpose LLMs
is insufficient for this benchmark. These observa-
tions support the need for task-specific modeling
of boundary localization and cross-segment con-
text dependency.

C.3 Qualitative Analysis

Beyond quantitative results, we further analyze
representative cases in Figure 5 to examine how
CausalChapter behaves under smooth boundary
transitions and cross-segment context selection.

In smooth-boundary cases, baseline methods of-
ten rely on local representation changes or textual
similarity drops, and therefore tend to delay or
miss boundaries when the topic gradually evolves.
In contrast, CausalChapter captures a drop in pre-
dictive causal dependency between adjacent win-
dows through LCDS, allowing it to identify struc-
tural changes more accurately. For chapter gener-
ation, similarity-based retrieval often selects con-
texts that are lexically close but largely repetitive.



Method Backbone Type CIDEr METEOR F1 F1@30 BS@30 tloU
VTimeLLM ChatGLM3-6B  ZS 0.12 1.79 3246  47.66 4578 48.21
VTimeLLM Vicuna-7B ZS 0.02 2.04 3225 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 14.77 836 351 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 1279  4.39 9.12 9.12 23.58
Chapter-Llama LLaMA-3.2-3B FT 86.07 19.40 4753  65.11 65.11 60.64
Chapter-Llama LLaMA-3.1-8B ZS 77.32 13.93 20.24 4040 4040 41.72
Chapter-Llama LLaMA-3.1-8B FT 99.78 19.04 47.56 6393 63.93 62.18
GPT-40 - ZS 1.82 234 2432 2672 26.01 36.12
GPT-40-mini - ZS 2.80 295 1588 21.50 34.27 31.21
Gemini-2.5-Pro - ZS 2.40 10.03 2432  26.72 26.01 36.12
Gemini-2.0-Flash - ZS 0.28 3.07 964 1171 2799 13.54
Claude-3.5-Sonnet — 7S - 544 1649  24.18 38.14 31.75
Claude-Sonnet-4  — 7S 0.02 10.93 18.08  25.36 3435 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-
vide definitions, background, experimental setup,
or reasoning premises, leading to descriptions that
are more complete and better aligned with the log-
ical structure of the whole video.

The qualitative example is consistent with the
quantitative results. LCDS provides a local
dependency-shift signal for smooth boundary lo-
calization, while CSSE changes context selec-
tion from surface similarity matching to support
estimation with respect to the current genera-
tion. These two behaviors help explain why
CausalChapter improves both temporal localiza-
tion and chapter-level generation.

C.4 Prompt Design for Two-Pass Generation

We adopt a two-pass prompting strategy for lec-
ture subheading generation. In both passes, the
model receives the transcript of the current video
segment and is asked to generate only one con-
cise subheading. The system instruction is kept
in the non-truncated prompt prefix, while the seg-
ment transcript is placed in the truncatable middle
part. This design ensures that task instructions, vi-
sual tokens, few-shot examples, contextual titles,
and generation markers are always preserved dur-
ing long-input truncation. Table 7 summarizes the
prompt components used in our two-pass genera-
tion framework.
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D LLM Usage Statement

We utilized a large language model (LLM) to im-
prove the grammar, clarity, and overall readability
of this manuscript. The LLM’s role was strictly
limited to language editing and polishing. All
scientific contributions, including the core ideas,
methodology, experimental design, data analysis,
and conclusions, are the original work of the hu-
man authors. The use of the LLM did not alter the
scientific content or its interpretation.



ER Mathematics for

conguter

Bounds on Deviation

‘cenc

®4& Variance of an Indicator " Calculating Variance
T an indicator with E[T}zp Girwise Independent Additivity
Var(R +R, +-+R ]
=Var[R ]+ Var[R,]+--+Var(R,]
providing R, ;... R, are
pairwise independenit

By § Hethenatics for Conpiter Sciece

< ae Var{I):=E[(T-p)]
Bounds on Deviation "

- amm P = = p——— _ [ e

Ground truth [

CausalChapter |

Chapter-Llama |

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 Chapter-Llama
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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

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

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 00:12:23: Displacement, average

velocity, and instantaneous
velocity

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

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_@><VIS_1>...<VIS_N>.

Optional few-shot examples are provided in the format: Segment:
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.

[example transcript]

Pass 2: Temporal Re-
finement

Visual context: <VIS_@><VIS_1>...<VIS_N>.

Temporal and causal rules: every retrieved context is from a segment before the current segment.
Use aretrieved 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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