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2Inria, École normale supérieure, CNRS, PSL Research University 3Google DeepMind

https://imagine.enpc.fr/˜lucas.ventura/chapter-llama/

Abstract

We address the task of video chaptering, i.e., partitioning a
long video timeline into semantic units and generating corre-
sponding chapter titles. While relatively underexplored, auto-
matic chaptering has the potential to enable efficient navigation
and content retrieval in long-form videos. In this paper, we
achieve strong chaptering performance on hour-long videos by
efficiently addressing the problem in the text domain with our

‘Chapter-Llama’ framework. Specifically, we leverage a pre-
trained large language model (LLM) with large context window,
and feed as input (i) speech transcripts and (ii) captions describ-
ing video frames, along with their respective timestamps. Given
the inefficiency of exhaustively captioning all frames, we pro-
pose a lightweight speech-guided frame selection strategy based
on speech transcript content, and experimentally demonstrate
remarkable advantages. We train the LLM to output timestamps
for the chapter boundaries, as well as free-form chapter titles.
This simple yet powerful approach scales to processing one-hour
long videos in a single forward pass. Our results demonstrate
substantial improvements (e.g., 45.3 vs 26.7% F1 score) over
the state of the art on the recent VidChapters-7M benchmark.
To promote further research, we release our code and models at
our project page.

1. Introduction

According to a study by [46], the video durations uploaded
to the popular online video sharing platform YouTube have
increased steadily over the years. Videos have become longer
since the first video upload in 2005 [19, 47]. In 2020, 25%
of videos were estimated to be longer than 15 minutes, 5%
more than 3 hours [46]. Long-form videos such as news,
sports, educational, and vlog streams can often span extensive
durations and cover multiple topics [97]. Finding specific
content within increased video duration and volume makes
efficient content navigation more important than ever.

However, much of the traditional video analysis research
has focused on processing short videos of a few seconds
[4, 15, 34, 55, 63, 67, 74, 78, 85, 87, 98, 110]. At the same
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Figure 1. Chapter-Llama: Our method generates automatic video
chapters for hour-long videos by training a large language model
(LLM) to predict chapter boundaries and titles. The LLM processes
transcribed speech (ASR) and descriptive captions of key frames,
which are sampled based on ASR content. This text-based approach,
equipped with speech-based frame selection, enables efficient
processing of long-form content.

time, the definition of long videos has changed within the past
decade. Early works claimed processing 100 frames (i.e., a few
seconds) to be long [61, 93] as opposed to ingesting up to 16
frames [83, 92]. With the introduction of datasets containing
1-5 minute videos [29, 37, 44, 56, 82, 126], several minutes
were considered very long. Studying hour-long videos has only
recently seen an interest in the context of movie description [31],
video captioning [40], or grounding [32, 84]. Very recently,
the work of [109] collected the VidChapters-7M dataset with
videos spanning from minutes to hours, along with their user-
defined video chapters, and proposed the video chapter gener-
ation task, automatically dividing a video into thematic sections
(i.e., chapters) with descriptive concise chapter titles. Video
chaptering, if achieved successfully, can offer a compelling so-
lution to long content indexing, bypassing the current need for
time-consuming manual annotation by video owners [109].

In this paper, we address the challenge of automatic video
chaptering with a simple yet effective framework designed to
handle hour-long videos. Existing work for chaptering [109]

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

18947

https://imagine.enpc.fr/~lucas.ventura/chapter-llama/


relies on a dense video captioning model Vid2Seq [110], which
combines multimodal inputs from video frames and ASR-based
speech transcriptions. However, Vid2Seq operates on a fixed
number of equally sampled frames (i.e., 100 frames), potentially
missing important visual information. Furthermore, their
approach based on transformer architecture uses video frame
features directly, which requires learning a mapping from the
visual modality to the textual modality. In contrast, our method
is designed to address these limitations by (i) dynamically
sampling keyframes from the video based on the speech content,
and (ii) designing a purely text-based model leveraging image
captioning to convert RGB frames into text.

Our approach leverages a pretrained LLM, which we
finetune specifically for the video chaptering task to predict
jointly the chapter boundary timestamps and chapter titles,
both in text form. The appeal of our model lies in processing
only textual data as input, allowing us effectively leverage the
long-context understanding capabilities of the LLM to scale to
long videos. In particular, we incorporate speech transcriptions
from automatic speech recognition (ASR) and automatic frame
captions. Captioning has been used for video understanding as
an intermediate representation in recent works, but in the context
of retrieval or question answering (QA) for shorter videos
(maximum 3 minutes) [58, 95, 116, 121]. In longer videos,
since captioning every frame is computationally prohibitive,
we employ a speech-based frame selection strategy that scales
efficiently while preserving important content. Similar in spirit
to [43], we primarily use audio to determine keyframes, specif-
ically bootstrapping with an LLM trained only with the speech
inputs. However, even when transforming a video into text,
LLMs have a limited context window, allowing a maximum
number of tokens as input in a single forward pass. To mitigate
context window limitations for very long video inputs, we
simply perform an iterative prediction, sequentially processing
the video, where each iteration typically operates on a window
length of about an hour duration. We evaluate our approach
on ‘short’ (0-15 min), ‘medium’ (15-30 min), and ‘long’ (30-60
min) videos from the VidChapters-7M dataset [109], demon-
strating significant improvements over the state of the art across
multiple metrics, including temporal boundary accuracy and
semantic relevance of chapter titles. Our experiments show that
finetuning the LLM, our speech-based frame selection strategy,
and the integration of modalities from both speech and captions
are crucial for achieving high-quality video chaptering results.

Our contributions are the following: (i) We introduce
Chapter-Llama: our framework leverages a pretrained LLM
and finetunes for the underexplored task of video chaptering
by transforming the video input into text form through ASR
and captioning. (ii) We scale efficiently to hour-long videos
by incorporating a speech-based frame sampling strategy,
captioning only a subset of the video frames. (iii) Our simple
and effective approach outperforms the state of the art on the
recent VidChapters-7M benchmark by a large margin (e.g.,
45.3 vs 26.7 F1 score). These results are complemented by a
comprehensive set of experiments analyzing our components.

2. Related Work
We provide an overview of video tasks related to video
chaptering, such as temporal segmentation and captioning,
along with a discussion on works focusing on long-form and
LLM-based video understanding.

Temporal video segmentation. While video chaptering
is a new task [109], there is a rich literature on methods
focused on temporally segmenting a video in various forms.
One task is shot detection [72, 76, 81], where any visual
changes (e.g., shifting between two cameras) would require
a temporal boundary, not necessarily modeling semantic
shifts. Video scene segmentation, often studied on movies
[38], is primarily focusing on grouping scenes with similar
content [13, 14, 38, 39, 59, 65, 66, 71, 75, 77, 102, 111].
Another line of work considers boundary detection for temporal
action segmentation [7, 23, 26, 48, 113], or localization
[18, 54, 118, 120]. Unlike chaptering with free-form text,
action segmentation assigns a label from a predefined set of
categories, and typically defines short atomic actions as the unit.
In contrast to these tasks, chapter boundaries can take various
different forms depending on the type and the granularity of
the video (e.g., each exercise within sports video, each slide
within a lecture, each step in instructional video, each topic in a
podcast video). Shot, scene, or action boundaries therefore may
or may not correspond to complex chapter boundary definitions.
Moreover, these tasks are mostly tackled with vision-only
inputs [81, 113, 120], without leveraging speech. While text and
audio segmentation have also been tackled separately [28, 73],
video chaptering is based on both audio and vision inputs [109].

Video captioning. Generating chapter titles [109] is relevant
to the task of captioning that seeks to describe the video content
with text. There is a large literature on single video caption-
ing [16, 50, 78, 80], often focusing on short video clips. Typical
datasets for training such as MSR-VTT [107], WebVid [5],
HowTo100M [57], Video-CC [60] include captions of videos
spanning a few seconds (5-15sec on average). In generic event
boundary captioning [100], event intervals are similarly short,
in the order of 2 seconds. On the other hand, video summariza-
tion methods operate on longer videos; however, their goal is
to reduce the entire video into a single summary description
[1, 2, 33, 40, 51, 117, 123, 124], not necessarily with a temporal
segmentation component. Dense video captioning [37, 44, 99,
110, 127, 128] is the closest to video chaptering in terms of
problem formulation, aiming to both temporally localize and
caption different events. Indeed, prior work on video chaptering
trains the dense captioning method of Vid2Seq [110] on the
VidChapters-7M dataset [109], but relies on a fixed number of
equally sampled frames. In this paper, we leverage some of the
annotations of this dataset to train an LLM-based chaptering
model substantially outperforming previous methods [109, 110].

Long-form video understanding. The definition of long
videos has evolved with the release of various datasets spanning
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seconds [106, 108], a few minutes [22, 29, 56, 86], 10-30 min-
utes [2, 125], or one hour [24, 40, 84, 104, 109]. MLVU [125]
introduces a benchmark for evaluating multiple long video un-
derstanding tasks such as summarization and QA; however,
the data is not suitable for chaptering due to lack of annota-
tions. Video-MME [24] also contains hour-long videos for QA.
MAD [31, 84] provides audio description for long movies, but
each description spans a few seconds and the sparse coverage
over the video is different than contiguous chapters. Recently,
Ego4D-HCap [40] was proposed for hierarchical video summa-
rization. However, this dataset involves dense captioning with vi-
sual inputs only, while we focus on video chaptering with visual
and speech inputs. To the best of our knowledge, VidChapters-
7M [109] is the only open-sourced dataset for training and eval-
uating chapter generation, which we employ in this paper. Non-
public related datasets include NewsNet [104] which includes
hierarchical temporal segmentation annotations, the TV news
chaptering dataset used in [30], and the ChapterGen dataset [10].

Increased video lengths led to a range of works focusing on
efficient temporal modeling strategies. A common technique
to deal with longer videos is to use pre-extracted visual features
[31, 84, 115]. For end-to-end learning with transformers,
several works explored factorized spatio-temporal attention
[3, 5, 8]. Others have looked at various ways to incorporate a
memory mechanisms [42, 103], blockwise attention [52, 53],
or captioning frames to exploit LLMs [101, 121]. Given
the redundancy in consecutive video frames, frame selection
methods were explored in the context of short video captioning
and action recognition [17, 105], as well as ‘long’ video QA
in 3-minute durations [64, 88, 114]. Most common approach
with current large video models is to perform sparse sampling
with equal spacing [12, 45, 110]. SCSampler [43] exploits the
low-dimensional audio modality to efficiently select salient
video clips for action recognition. In our method, we also
leverage audio, but in the form of ASR, and run the costly
frame captioning step only on keyframes on locations predicted
by a speech-based frame selection module.

LLM use in video understanding. LLMs such as
GPT [9, 68], Llama [20, 90, 91], and Gemini [27, 89],
have been leveraged in different ways for improving video
understanding. A popular approach is to train ‘bridge’ modules
between pretrained visual backbones [69] and LLMs to build
vision-language models (VLMs) that can ingest videos (e.g.,
Video-Llama [122], Video-LLaVa [49]). Other works have
employed LLMs for automatic construction of video datasets [2,
40, 80, 96], tool use [58], storing memory in video QA [42], and
temporal localization [36]. Similar to us, VideoTree [101] and
VideoAgent [21] caption keyframes before passing them to an
LLM together with a question for answer generation, addressing
the limitations of [121] which performs a similar methodology
without keyframe selection on shorter videos. In this study, we
find that captioning alone is not sufficient, and needs to be com-
plemented with ASR for competitive chaptering performance.
Close to us, [2] exploits ASR on long videos and summarizes

them with LLMs to generate pseudo-labels for video summa-
rization training. In our work, we leverage LLMs, specifically
finetuning a Llama model [20] for chaptering by prompting
with speech transcription and frame captions. We show that
finetuning is essential for adapting to the task so that the LLM
picks up relevant content within the large context input [79].

3. Chapter-Llama: LLM-based Video Chaptering
We provide an overview of our video chaptering framework,
referred to as Chapter-Llama, in Fig. 2. Given video frames
and speech transcripts, we aim at predicting relevant chapter
boundaries and titles. For this, we first select video frames to
process with a speech-based frame selection module. Then
we use an off-the-shelf visual captioner to map the selected
frames in the text space. We feed the resulting captions, along
with speech transcripts, to the LLM which outputs the chapter
boundaries and titles jointly as a single sequence of tokens.
Finally, we devise an iterative prediction procedure in case the
input text sequence is too long to handle for the LLM. We next
describe in more detail each component.

Task formulation. Video chaptering [109] aims at seg-
menting a video into semantically meaningful chapters, and
generating a title for each segment. The chapters are contiguous,
with no gaps between them, and together span the entire video
duration from start to end. Formally, given video frames
V =(v1,v2,...,vN) and temporally-aligned speech transcripts
S=(s1,s2,...,sM), where each speech transcript contains an
utterance and its associated start and end timestamps, the task
is to output a sequence of chapters C =(c1,c2,...,cL), where
each chapter ci is a tuple (bi,ti) containing a start timestamp bi
and a descriptive title ti. The end time of chapter i is implicitly
defined by the start time of the subsequent chapter bi+1, or total
video duration if i=L.

Speech-based frame selection. Video chaptering involves
processing hour-long videos. Therefore, densely sampling
frames is computationally intractable due to numerous inference
passes through a vision model (e.g., a visual captioner) and
exceeding standard LLM context lengths. Upon inspection
of our data, we found that while the speech transcription has
257 tokens per minute on average, a caption is 66 tokens long
on average hence captions would take 3,960 tokens per minute
when sampling a video at 1 FPS. To address these challenges,
we employ a frame selection strategy.

Specifically, we use speech transcripts to guide which video
frames to process for the vision model. This is done by first
training a speech-only variant of our LLM to predict a sequence
of chapter boundaries {b̂1,b̂2,...,b̂K} from speech transcripts
S only. For each predicted boundary b̂i, we sample a frame
vi from the video at that timestamp. Note that this variant
is cheaper compared to the full model as it only needs ASR
transcription from the audio stream, without requiring any
processing of the RGB stream (i.e., captioning). We then
process the video frames only at the time locations predicted
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00:10:10: The image features a woman sitting at a table in a room filled with 
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Figure 2. Method overview: Our Chapter-Llama framework first selects video frames to process using speech information. Then we use a visual
captioner to map the selected frames in the text space. We feed the resulting captions, along with speech transcripts, to the LLM which outputs
the chapter boundaries and titles jointly as a single sequence of tokens.

by this model. The visual information thus complements the
previous ‘blind’ predictions from the narrations, and allows us
to refine the predictions. This results in a video representations
Vsampled=(v1,v2,...,vK) where K<<N . For the videos that
lack speech entirely (e.g., about 3% of the videos in [109]), we
sample frames at 10-second intervals, with an upper bound of
100 frames to maintain computational practicality.

Mapping video to text with timestamps. To leverage the
knowledge of a pretrained LLM, we map all our inputs to text.
This includes: (1) speech transcriptions S = (s1,s2, ... ,sM)
from the audio modality, and (2) caption descriptions
Vcaptions=(d1,d2,...,dK) from the visual modality. In detail,
for speech transcriptions, we use ASR outputs provided by [109],
obtained using the Whisper-Large-V2 [70] model through the
WhisperX [6] implementation. For captioning, we employ
MiniCPM-V [112] as an image captioner, applied independently
on the selected video frames, i.e., di=Captioner(vi).

As we aim at predicting relevant chapter boundaries, we pro-
vide temporal information to the LLM. For both modalities, we
prepend the timestamp information formatted as “HH:MM:SS”
to encode the location at which the speech or caption is obtained.

Captions naturally come from a single point in time. Speech
segments cover intervals, but their duration is typically very
short (3-4 seconds). We therefore simply use the start time
of each transcribed speech interval. We interleave the speech
and caption inputs based on their timestamps in a sorted order.
We add a modality-specific prefix to each timestamp to denote
which modality the information is extracted from (i.e., ASR
for speech transcripts, Caption for captions).

We prepend the text combining speech transcripts and
captions with a fixed prompt that provides task instructions
(see sup. mat. for the exact wording). This prompt occupies
approximately 90 tokens and is independent of video length.

Language model. We derive our framework by making use
of a powerful pretrained LLM. Specifically, we employ the
recent Llama-3.1-8B-Instruct [20] model and further finetune
on chapter annotations using the LoRA technique [35]. Given
the input structure previously described, the LLM is trained to
output chapters, where each chapter consists of a timestamp in
HH:MM:SS format followed by a free-form chapter title. We
treat both the timestamps and titles simply as text tokens and ap-
ply the standard cross-entropy loss over the original vocabulary
of the pretrained LLM. We apply teacher forcing during training
and decode tokens autoregressively at inference. Note that the
final model (taking both speech and captions as input) is trained
independently from the speech-only version of our model used
for frame selection, but these two models share the same back-
bone, and only differ in their LoRA parameters (13MB each).
Across all experiments, we finetune models for a single epoch
and use the same hyperparameters. We provide these hyperpa-
rameters, along with implementation details in Appendix A, and
provide experiments with several Llama variants in Appendix C.

Iterative prediction for long videos. The inputs may exceed
the context window limitation of the LLM, especially in the case
of long videos. For example, on an A6000 GPU, the Llama-3.1-
8B-Instruct [20] model can process videos up to around 15k to-
kens during training, which corresponds to 50 minutes of video
content on average, and 25k tokens during inference, which cor-
responds to 80 minutes of video content on average. To address
this issue, during training, we select videos that have less than
15k tokens. Since there are videos up to 1 hour long in the train-
ing set that satisfy this constraint, and since we do not need the
entire training dataset to achieve good performance, this token
limitation does not hinder our training. During evaluation, we
predict chapters for each chunk sequentially, such that the start
of a chunk is the end of the previous chunk. Finally, we merge
the predictions from all chunks to obtain chapter boundaries for
the complete video. We provide more details in Appendix A.4.
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4. Experiments
In this section, we start by describing the data and evaluation
metrics used in our experiments (Sec. 4.1). Next, we compare
our results with the state of the art (Sec. 4.2), and then provide
a series of ablations in our framework (Sec. 4.3). Finally,
we investigate the impact of testing with very long videos
exceeding our context window limitations (Sec. 4.4).

4.1. Data and evaluation

Data. We train and evaluate on the recently released
VidChapters-7M [109] dataset that includes user-annotated chap-
tered videos sourced from YouTube. Speech transcripts are
obtained using Whisper [70] as the ASR method. In the original
release, there is a total of 817k videos, spanning 8M chapters,
with 2.4 minutes per chapter and 5.4 words per chapter title, to-
taling to 23 minutes and 8.3 chapters per video on average. Data
is split into 801k training, 8.2k validation, and 8.2k test videos.
To measure performance at different video lengths, we define
three categories depending on video duration: ‘short’ (0-15min),
‘medium’ (15-30min), and ‘long’ (30-60min) videos. In this
work, we use a subset of the training data as we observe in-
creasing the training set brings diminishing returns at the cost of
extended training times (see Fig. 4). Specifically, we use about
20k training videos (10k short videos used for the speech-based
frame selection model and another 10k videos evenly split across
short, medium and long durations for the final model. For state-
of-the-art comparisons (Sec. 4.2), we employ the full official test
set, which also contains videos without any speech (2.5% of the
videos), and videos longer than 60 minutes (e.g., there are few
videos that last about 12 hours). In ablations (Sec. 4.3), both for
faster experimentation, and to limit the use of the test set during
experimentation, we train on a randomly sampled subset of 1k
videos (evenly split between short, medium, and long) and report
results on a randomly sampled subset of 300 validation videos
(100 from each duration) that have at least one speech utterance.

Evaluation metrics. We primarily monitor temporal segmen-
tation metrics to evaluate our chapter boundary detections. In
particular, we employ tIoU and F1 scores. For tIoU (temporal
Intersection over Union), we first compute the optimal matching
between predicted and ground truth segments by greedily
selecting pairs with highest IoU scores. The tIoU score is then
calculated as the mean IoU across all matched pairs, multiplied
by 100 to obtain a percentage. For F1 score, we first compute
precision and recall at different IoU thresholds (ranging from
0.5 to 0.95 with a step of 0.05). At each threshold, a prediction
is considered correct if it has IoU above the threshold with
a ground truth segment. The precision is the ratio of correct
predictions to total predictions, while recall is the ratio of
matched ground truth segments to total ground truth segments.
The F1 score is then computed as the harmonic mean of
precision and recall. The final F1 metric is the average across
all thresholds, multiplied by 100 to obtain a percentage. Note
that [109] uses recall and precision metrics in two ways: (1)

by considering timestamps within 3 or 5 second thresholds as
matches, and (2) by considering segments with IoU above 0.5
or 0.7 as matches. While these metrics provide point estimates
at specific thresholds, we find that tIoU and F1 scores offer
several advantages: they evaluate performance continuously
across multiple thresholds, are more interpretable, and provide a
more comprehensive evaluation of the model. For completeness,
we also report the metrics used in [109] in Appendix C.

For chapter title evaluation, we follow [109] and report
SODA (S) [25] and CIDEr (C) [94], which measure the quality
of the titles for the predicted segments that match to the ground
segments (see [109] for details).

4.2. Comparison with the state of the art
In Tab. 1, we report the performance of our model on the full
VidChapters-7M test set [109] (‘All’ columns), and compare to
the state of the art reported in [109], which uses Vid2Seq [110].
Moreover, we evaluate four proprietary models using our speech-
based frame selection and captioning in a zero-shot manner.

We observe that our finetuned Chapter-Llama achieves sub-
stantial performance improvements across all metrics and video
duration categories. (e.g., 45.3 vs 26.7 F1 and 19.3 vs 11.6
SODA compared to Vid2Seq). Notably, our improvement over
Vid2Seq is more important for medium and long videos com-
pared to short videos. Note that our final approach was trained
using the subset of data detailed in the previous section, specif-
ically 20k videos, which constitutes only 2.5% of the total avail-
able training data. In contrast, the baseline Vid2Seq model [110]
was trained on a considerably larger dataset, utilizing both
HowTo100M [57] and the entire VidChapters-7M training set.

Additionally, we report performances of our model without
training on any chapter annotations (i.e., both the speech-based
frame selector and the LLM are not finetuned, and run with
the same prompt as in the finetuned setting). We see that our
zero-shot method also achieves competitive performance (e.g.,
29.5 F1), whereas Vid2Seq only trained on HowTo100M does
not generalize (3.0 F1).

Finally, when zero-shot evaluating the proprietary models,
GPT4-o [62] and Gemini variants [27], with our speech-based
frame selection and captioning inputs, we observe competitive
performances (e.g., 42.2 F1 with Gemini-1.5-Pro); however,
our Chapter-Llama still surpassses on all metrics. Note that,
due to API costs of the proprietary models, we performed their
evaluation on a random 10% subset of the test set; however, we
verified that the scores are similar between 10% and 100% of
the test set when evaluating with Chapter-Llama.

Qualitative comparison. In Fig. 3, we provide qualitative
examples comparing our method against Vid2Seq [109, 110]
and our zero-shot baseline. Our predictions align well with the
ground truth chapters, accurately capturing both the temporal
boundaries and generating relevant titles. In contrast, Vid2Seq
segments tend to be less accurate, and we also observe that it
often produces repetitive titles (bottom example). The zero-shot
Chapter-Llama baseline tends to generate relatively longer and
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Frame Short Medium Long All
Backbone selection Ft. F1 tIoU S C F1 tIoU S C F1 tIoU S C F1 tIoU S C

GPT-4o-mini [62]† Ours ✗ 32.1 64.5 07.2 042.4 30.5 62.3 06.1 30.6 28.0 61.0 06.0 27.3 31.2 63.6 06.8 037.8
GPT-4o [62]† Ours ✗ 37.7 68.0 08.4 053.8 38.1 68.8 08.1 51.4 36.5 66.2 06.6 34.8 37.6 68.0 08.1 051.0
Gemini-2.0-Flash [27]† Ours ✗ 39.9 69.2 12.0 072.8 43.8 71.4 11.2 70.3 34.9 66.2 09.0 51.6 40.2 69.3 11.4 069.7
Gemini-1.5-Pro [27]† Ours ✗ 41.7 70.6 11.7 065.3 43.8 71.8 11.2 61.4 41.3 70.6 10.1 55.3 42.2 70.9 11.4 063.2

Vid2Seq [109, 110] Equidistant ✗ 02.5 28.6 00.3 000.3 03.2 29.7 00.3 00.4 04.6 32.0 00.3 00.5 03.0 29.3 00.3 000.4
Llama 3.1-8B Ours ✗ 29.9 63.4 07.1 034.5 30.6 62.7 05.4 28.1 26.6 59.3 03.6 18.9 29.5 62.5 06.2 030.7

Vid2Seq [109, 110] Equidistant ✓ 33.4 63.7 15.2 074.9 19.0 53.3 07.5 31.9 16.7 50.8 05.9 28.4 26.7 58.6 11.6 055.8
Llama 3.1-8B (Chapter-Llama) Ours ✓ 45.5 72.2 20.2 103.5 46.7 72.3 18.8 98.7 41.3 69.2 15.8 91.2 45.3 71.8 19.3 100.9

Table 1. Comparison to the state of the art on VidChapters-7M test set: We split the table into (bottom) the comparison between Chapter-Llama
and the state-of-the-art method Vid2Seq [110], and (top) the evaluation of proprietary models. Chapter-Llama significantly outperforms Vid2Seq
trained and reported by [109] (45.3 vs 26.7 F1). Our method also achieves strong performance in zero-shot mode – without finetuning (Ft.) on
any chapter annotation (29.5 F1). Furthermore, we report performance of proprietary models in such zero-shot setting, using our speech-based
frame selection and captioning, and observe inferior results than Chapter-Llama (42.2 F1 with Gemini-1.5-Pro). Note that we use the full official
8.1k test set videos (‘All’), unlike in the remaining experiments that report on the validation subset. We also report the performance breakdown
into short (4891), medium (1736), and long (892) test videos. Our model was trained on 10k videos balanced across short, medium and long
durations. † denotes evaluation on a random 10% subset of the test set due to API costs of proprietary models.

GT

Ours

ZS

V2S

tIoU:91

tIoU:56

tIoU:59

Vid2Seq:(S:8, C:56) 
00:46: The Lion king.
01:37: The lion king.
02:24: The lion king.
03:10: The lion king.
03:57: The lion king.
04:38: The lion king.
05:19: The lion king.
06:01: The lion king.
06:42: The lion king.
07:28: The lion king.

Zero-shot:(S:31, C:174)
00:00: Introduction
00:30: Introduction Continued
00:52: The Lion King
01:17: The Lion King Continued
01:29: Beauty and the Beast
01:51: Beauty and the Beast Continued
02:06: Avengers
02:24: Avengers Continued
02:52: Brother Bear
03:16: Brother Bear Continued

Chapter-Llama(S:76, C:517)
00:00: Intro
00:52: The Lion King
01:29: Beauty and the Beast
02:06: The Avengers
02:52: Brother Bear
03:37: Toy Story
04:55: Pirates of the Caribbean
05:36: Guardians of the Galaxy
06:24: The Jungle Book
07:11: Frozen

Ground truth
00:52: The Lion King
01:29: Beauty and the Beast
02:07: The Avengers
02:52: Brother Bear
03:38: Toy Story
04:21: Aladdin
04:55: Pirates of the Caribbean
05:38: Guardians of the Galaxy
06:28: Jungle Book
07:14: Frozen

03:38: Toy Story
04:00: Toy Story Continued
04:30: Aladdin
04:55: Aladdin Continued
05:11: Pirates of the Caribbean
05:37: Guardians of the Galaxy
06:07: Guardians of the Galaxy Continued
06:24: The Jungle Book
06:48: The Jungle Book Continued
07:11: Frozen
07:41: Frozen Continued

tIoU:86

tIoU:63

tIoU:74

GT

Ours

ZS

V2S

Ground truth
01:07: History
02:24: Variations
03:44: Features & Colors
10:53: Fitment

Chapter-Llama:(S:39, C:84)
00:00: Intro
01:09: History
02:30: Variations
03:42: Features
07:55: Color
10:49: Fit

Zero-shot:(S:1, C:15)
00:00: Introduction
01:09: History of the Brid Zeta
01:57: Variations of the Zeta
03:42: Seat Features
04:57: Features (continued)

Vid2Seq:(S:35, C:76) 
00:00: Intro.
00:59: History.
02:24: Variations.
04:31: Colors & finishes.
06:47: Fit.

06:53: Features (continued)
07:55: Color and Finishes
10:49: Fit and Finish

Figure 3. Qualitative results: We display two examples and compare our Chapter-Llama results against the ground truth (GT), as well as the
zero-shot (ZS) and Vid2Seq (VS) baselines. For each example, we show the corresponding SODA (S) and CIDEr (C) scores. Our method overall
shows the highest similarity with the GT, while Vid2Seq can suffer from repeated chapter titles, and zero-shot generations tend to over-segment.
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Modalities Segmentation Titles

Speech Captions F1 tIoU S C

Ze
ro

-s
ho

t

✗ ✓ 12.6 48.6 01.9 06.4
✓ ✗ 22.7 57.3 04.4 19.7
✓ ✓ 29.9 63.0 06.9 33.7

Fi
ne

tu
ne

d ✗ ✓ 39.1 67.7 05.9 020.2
✓ ✗ 38.5 68.1 13.9 067.3
✓ ✓ 42.6 70.6 16.4 082.4

Table 2. Contribution of different modalities and finetuning:
Finetuning the LLM with 1k videos largely improves chaptering
performance on 300 validation videos, see bottom block vs top block.
In the finetuned setting, we further demonstrate the advantages of
combining both modalities, i.e., transcribed speech from ASR and
automatic captions extracted from video frames.

verbose chapter titles and often generates chapters that appear
to be continuations of previous chapters rather than distinct
segments, while also exhibiting over-segmentation issues. We
provide more examples in Appendix E.

4.3. Ablation studies
In the following, we experiment with (i) the contribution of
speech and caption modalities, along with the effect of LLM
finetuning, (ii) the effect of our frame selection method for
captioning, (iii) the amount of training data, and (iv) the use
of frame embeddings instead of captions. As mentioned above,
we use 1k training and 300 validation videos for these ablations.

Modalities and LLM finetuning. In Tab. 2, we ablate the
impact of finetuning the LLM and the contribution of each
of the speech and caption modalities. In the top block, we
run our baselines in zero-shot setting as introduced in the
previous section. The speech-only baseline outperforms the
captions-only baseline by a large margin in the zero-shot setting.
This suggests that speech contains more relevant information
for chaptering, as was previously observed by [109].

As shown in the bottom block of Tab. 2, we observe large
performance improvements when finetuning the LLM, as
opposed to zero-shot. We hypothesize that zero-shot prompting
with a long multi-modal text, potentially containing redundant
and irrelevant information, may overwhelm the LLM [79, 101].
We obtain our best model by combining the two modalities,
which performs better than the individual speech-only or
caption-only models. This demonstrates the multi-modal
capabilities of our model.

Speech-based frame selection. In Tab. 3, we examine a
number of strategies to sample frames at which we extract
captions. In addition to previously described metrics, for
each of the frame sampling approaches, we report the average
number of captions per video and the average number of text
tokens per minute. For reference, we also report an off-the-shelf
shot detection [11] and Vid2Seq [109, 110].

We compare our speech-based frame selection strategy to
various baselines. We experiment with sampling (i) uniformly

Method Frame selection average #tokens Segmentation Titles
for captions #frames per min. F1 tIoU S C

BASELINES
Shot detection [11] n/a 049.4 n/a 6.2 37.6 - -
Vid2Seq [109, 110] 100 equidistant 100.0 128.6 25.4 57.8 11.2 55.0

CHAPTER-LLAMA VARIANTS
Speech Caption

✓ ✗ n/a n/a 248.6 38.5 68.1 13.9 67.3

✗ ✓

100 equidistant 100.0 449.1 21.0 53.8 08.4 36.0
Every 10 sec. 083.1 280.3 12.8 45.9 04.3 13.0
Shot boundaries 049.4 193.2 16.2 50.7 03.9 12.4
10 equidistant 010.0 041.8 11.0 46.4 03.6 09.0
Speech-based 010.3 036.2 39.1 67.7 05.9 20.2

✓ ✓

100 equidistant 100.0 746.2 39.2 67.4 16.1 83.8
Every 10 sec. 083.1 570.1 41.0 69.3 15.4 77.3
Shot boundaries 040.4 481.7 40.6 69.1 15.8 79.3
10 equidistant 010.0 326.1 40.1 67.9 15.8 77.5
Speech-based 010.3 320.4 42.6 70.6 16.4 82.4

Table 3. Frame selection strategies for captioning: We evaluate
different approaches for selecting frames to extract captions from,
comparing our speech-based selection method against baselines. The
table shows results for models trained on 1k videos and evaluated on
300 validation videos. We experiment with using speech only, captions
only, and both modalities (bottom section). For caption extraction,
we compare our speech-based approach to other alternatives such as
equidistant sampling (100 or 10 frames), uniformly sampling every 10
seconds, or sampling at shot boundaries using [11]. Our speech-based
frame selection achieves the best overall performance (F1: 42.6, tIoU:
70.6) while requiring significantly fewer number of frames on average
(10.3) compared to other sampling approaches. The tokens-per-minute
statistic shows the total input length including both speech transcrip-
tions and captions, excluding the fixed prompt template.

100 frames as in Vid2Seq, (ii) every 10 seconds, (iii) at shot
boundaries detected by an off-the-shelf shot detector [11],
(iv) 10 equidistant frames to be similar to our speech-based
locations (i.e., 10.0 vs 10.3 number of frames on average),
and (v) sampling at frames predicted as chapter boundaries
by our LLM that inputs only speech. In all cases, we limit the
maximum number of frames to 100 as in [109, 110] to handle
extreme durations.

In both caption-only and caption+speech settings, our speech-
based frame selection approach achieves better segmentation
results than the more frame-expensive baselines ‘100 equidis-
tant’, ‘every 10 sec’, and ‘shot boundaries’, while using much
less frames, and also improves over the ‘10 equidistant’ baseline
which uses a similar number of frames. This demonstrates the
effectiveness of our speech-based frame selection strategy.

For reference, we also report positive comparison against
shot detection and Vid2Seq [109, 110]. Note Vid2Seq has less
#tokens per min. compared to our 100 equidistant variants, be-
cause Vid2Seq uses a different timestamp tokenizer in the input.

Amount of training data. Given the large-scale nature of
the VidChapters-7M training set, we investigate how much
chapter data is needed for LoRA finetuning the LLM. We plot
the performance against the number of training videos in Fig. 4.
We start by the zero-shot baseline as the first data point, and
report our method with 1k, 5k, 7k, and 10k videos, split evenly
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Figure 4. Amount of training data: Our experiments show a
substantial improvement when moving from zero-shot to training with
1k videos. Beyond 1k videos, performance continues to improve but
at a much slower rate, motivating our choice of using only 10k training
videos for our final LLM.

between three durations. We see that after increasing above
several thousand training videos starts to bring diminishing
returns. We therefore keep 10k training videos for our final
LLM, which makes our approach highly efficient to train
(40min on 4 H100 GPUs). Note that here we focus on the
chaptering LLM and always use frame sampling locations from
a speech-based module trained on 10k separate videos.

Frame embeddings vs captions. In Tab. 4, we investigate
whether raw visual embeddings could serve as an alternative to
textual captions. To this end, we experiment with replacing the
captions with frame embeddings. Specifically, for each frame,
we extract the 1152-dimensional output embedding correspond-
ing to the [CLS] token from a frozen SigLIP model [119], and
feed through a 2-layer MLP mapping network. We initialize
the MLP weights from MANTIS [41] and train jointly with the
LLM during finetuning. The results with ‘Speech+Embeddings’
are better than ‘Speech’ alone (38.5 vs 40.4 F1), but worse than
‘Speech+Captions’ (42.6 vs 40.4 F1). The performance gap
between ‘Speech+Embeddings’ and ‘Speech+Captions’ may be
due to the richer information provided by captions, which use
multiple tokens per frame, directly in text form, compared to
the single [CLS] token frame embedding, requiring a mapping
network to be ingested by an LLM. Finally, while combining
all modalities achieves the best performance (44.4 F1), we ex-
clude frame embeddings from our final model due to practical
considerations, e.g., they add complexity, increase processing
time by 2.5x, and require 3000x more storage space.

4.4. Iterative prediction on longer videos

In our ablation studies, our experimental setting considered
training and evaluating with videos that fit within the LLM
context window. In Tab. 5, we evaluate the benefit of our
iterative prediction procedure for handling videos that exceed
the LLM context window. For this, we identify videos in
the validation set whose inputs exceed the LLM inference
context window (> 35k tokens), resulting in 110 videos. On
this challenging subset, we find that our iterative prediction
procedure improves chaptering results compared to the baseline
that only runs the LLM once by cropping the input to the first

Modalities Segmentation Titles

Speech Embeddings Captions F1 tIoU S C

✓ - - 38.5 68.1 13.9 67.3
- ✓ - 38.4 66.5 03.4 07.3
- - ✓ 39.1 67.7 05.9 20.2

✓ ✓ - 40.4 68.2 15.3 74.9
✓ - ✓ 42.6 70.6 16.4 82.4
✓ ✓ ✓ 44.4 71.5 16.3 84.2

Table 4. Frame embeddings vs captions: We compare using frame
captions versus visual features from a frozen SigLIP model projected
through a learned 2-layer MLP mapping network (‘Embeddings’).
While the ‘Speech+Embeddings’ combination performs better than
speech alone (40.4 vs 38.5 F1), it underperforms compared to the
‘Speech+Captions’ combination (42.6 vs 40.4 F1). All models are
trained with 1k videos and evaluated on 300 videos.

avg Subset exceeding 35k tokens
Window # tok. # iter. F1 tIoU S C

First
10k 1 13.1 50.5 04.0 31.2
15k 1 16.6 54.9 05.4 43.3
20k 1 18.7 56.7 06.6 47.5

Iterative
10k 8.5 18.5 57.1 06.9 25.1
15k 5.4 23.6 60.1 08.7 35.2
20k 4.1 25.3 61.4 10.3 44.0

Table 5. Iterative prediction: Our iterative prediction procedure
improves chaptering results on the subset of 110 videos which exceed
35k tokens compared to the baseline that only runs the LLM once
(by only taking the first window, and discarding the rest of the input
sequence), across various context windows. As we increase the context
window in the iterative prediction, the performance gradually improves
and the average number of iterations decreases. The model is trained
with 1k videos.

input window, across various context windows (10k, 15k, and
20k). We refer to Appendix B for details on the video lengths
and statistics of videos that exceed the LLM context window.

5. Conclusions

We presented Chapter-Llama, an approach that leverages LLMs
for hour-long video chaptering by mapping video to text using
speech transcripts and efficiently captioning video frames
sampled with a speech-based frame selector. Our results on
VidChapters-7M consequently improved the state of the art by
a large margin. We experimentally demonstrated the benefits
of our components through an extensive ablation study. One
limitation of our approach is that it relies on the accuracy of
the ASR and the visual captioner. Future work can explore
hierarchical chaptering with several granularities and consider
the audio modality beyond speech. We also note that the
LLM, the visual captioner, and speech transcription models are
trained on large Web datasets, which can contain biases that can
lead to inaccurate chaptering, especially for videos depicting
underrepresented topics.
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Caba, Chen Zhao, Silvio Giancola, and Bernard Ghanem.

MAD: A scalable dataset for language grounding in videos
from movie audio descriptions. In CVPR, 2022. 1, 3

[85] Chen Sun, Austin Myers, Carl Vondrick, Kevin Murphy, and
Cordelia Schmid. VideoBERT: A joint model for video and
language representation learning. In ICCV, 2019. 1

[86] Yuchong Sun, Hongwei Xue, Ruihua Song, Bei Liu, Huan Yang,
and Jianlong Fu. Long-form video-language pre-training with
multimodal temporal contrastive learning. In NeurIPS, 2022. 3

[87] Ilya Sutskever, Oriol Vinyals, and Quoc V Le. Sequence to
sequence learning with neural networks. NeurIPS, 2014. 1

[88] Reuben Tan, Ximeng Sun, Ping Hu, Jui hsien Wang, Hanieh
Deilamsalehy, Bryan A. Plummer, Bryan Russell, and Kate
Saenko. Koala: Key frame-conditioned long video-LLM. In
CVPR, 2024. 3

[89] Gemini Team, Petko Georgiev, Ving Ian Lei, Ryan Burnell,
Libin Bai, Anmol Gulati, Garrett Tanzer, Damien Vincent,
Zhufeng Pan, Shibo Wang, et al. Gemini 1.5: Unlocking
multimodal understanding across millions of tokens of context.
arXiv:2403.05530, 2024. 3

[90] Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet,
Marie-Anne Lachaux, Timothée Lacroix, Baptiste Rozière,
Naman Goyal, Eric Hambro, Faisal Azhar, et al. LLaMA: Open
and efficient foundation language models. arXiv:2302.13971,
2023. 3

[91] Hugo Touvron et al. LLaMA 2: Open foundation and fine-tuned
chat models. arXiv:2307.09288, 2023. 3

[92] Du Tran, Lubomir Bourdev, Rob Fergus, Lorenzo Torresani,
and Manohar Paluri. Learning spatiotemporal features with 3d
convolutional networks. In ICCV, 2015. 1

[93] Gül Varol, Ivan Laptev, and Cordelia Schmid. Long-term
temporal convolutions for action recognition. TPAMI, 2018. 1

[94] Ramakrishna Vedantam, C Lawrence Zitnick, and Devi Parikh.
CIDEr: Consensus-based image description evaluation. In
CVPR, 2015. 5

[95] Lucas Ventura, Cordelia Schmid, and Gül Varol. Learning
text-to-video retrieval from image captioning. IJCV, 2024. 2

[96] Lucas Ventura, Antoine Yang, Cordelia Schmid, and Gül Varol.
CoVR-2: Automatic data construction for composed video
retrieval. TPAMI, 2024. 3
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