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Abstract

We introduce a novel approach for multimodal story summarization, aimed at leveraging TV episode

recaps to create concise summaries of complex storylines. These recaps, which consist of short video

sequences combining key visual moments and dialogues from previous episodes, serve as a valuable

source of weak supervision for labeling the summarization task.

To facilitate this approach, we introduce the PlotSnap dataset, which focuses on two crime thriller TV

shows. Each episode in this dataset is over 40 minutes long and is accompanied by rich recaps. These

recaps are mapped to corresponding sub-stories, providing labels for the story summarization task.

Our proposed model, TaleSumm, operates hierarchically.

(i) First, it processes entire episodes by generating compact representations of shots and dialogues.

(ii) Then, it predicts the importance scores for each video shot and dialog utterance, taking into account

interactions between local story groups.

Unlike traditional summarization tasks, our method extracts multiple plot points from long-form videos.

We conducted a comprehensive evaluation of our approach, including assessing its performance in cross-

series generalization. TaleSumm demonstrates promising results, not only on the video summarization

benchmarks but also in effectively summarizing the intricate storylines of the TV shows in the PlotSnap

dataset. Our project implementation as well as dataset features and demo can be found at https:

//github.com/katha-ai/RecapStorySumm-CVPR2024.
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Chapter 1

Introduction

Imagine settling in for your favorite TV series, eager to catch up on the latest episode. You hit play,

and there it is, the familiar “Previously on...” —the recap. It's that quick cinematic journey that swiftly

brings you up to speed, reminding you of key moments from past episodes. But have you ever noticed

the spellbinding charm of these recaps, how elegantly they interweave snippets of the story with just the

right bits of dialogue to spark your memory and set the stage for what's next?

In today's streaming era of binge-watching marathons, recaps continue to be our faithful guide,

ensuring we're always aware of the labyrinth of intricate storylines. What if we could harness the

power of recaps not just to jog your memory but to fuel the creation of compelling story summaries?

That's precisely what we're here to explore. For the following seven pages, we'll embark on a quest

where TV storytelling meets modern technology to uncover the untapped potential of recaps for story

summarization.

A TV show recap is a concise, under-two-minute sequence of crucial plot points from previous

episodes. To satisfy the time constraint, the recap is constructed by editing previous episode shots with

sharp and rapid cuts, sometimes adding shots from previously unseen footage, and selecting/modifying

dialog utterances to ensure relevance to the sub-story. A good recap sets the stage for the main part of

the episode by weaving visual and dialog cues tospark the viewers' memory. Thus, a recap is a great

way to identify sub-stories important to the overall story arc.

Extending this idea, we use recaps to createstory summariesby identifying and expanding the sub-

stories from the episode aiming for a more detailed video understanding, (Fig. 1.1). For identi�cation,

we introduce an innovative shot-matching algorithm (Section 2.1) that associates tampered shots from

recap to their corresponding shots in the episode.
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Figure 1.1: We illustrate how TV show recaps can be used to generate labels formultimodal story

summarization. Thetop half identi�es key moments (shots and dialogs) from S08E22 of24that feature

in the recap at the beginning of the next episode (S08E23). As recaps help viewers recall essential story

events, we extend these segments to create summarization labels (visualized in thebottom halfwhere

shots and dialogs inherited from recap are marked in deep red). For example, in the sub-story (left), the

recap hints at Jack Bauer relaying classi�ed information to the press, while the summary presents the

complete sub-story, including Logan informing President Taylor about their failure to catch Jack and

their disagreement over muzzling the press.

Different from a recap, a story summary consists of entire scenes or sub-stories that are essential to

the narrative. They serve as the anchors that keep us grounded in the narrative. They distill the essence

of an episode, capturing its pivotal moments and essential elements. Most importantly, it guides viewers

seeking a quick yet comprehensive understanding of a drama. Thus, a �rst-time viewer may watch story

summaries of each episode serially and understand the main narrative, while watching recaps serially

does not help as they only trigger memories assuming that the viewer has seen the episode before.

Continuing with the same spirit, we bring you two popular crime thrillers, TV shows:24andPrison

Break, marking the introduction of a new dataset,PlotSnap, that features several episodes from these

shows. Both series �ll the moment with suspense and intrigue. On one side, the clock is ticking in the

heart-pounding world of24, where Jack Bauer relentlessly tackles every seemingly impossible mission.

On the other, Michael Sco�eld inPrison Breakteases daring escapes and high-stakes adventures. With

excellent recaps in both of these shows that serves asfree annotationfor us, we can extract important

narrative sub-plots from the recap to create story summaries (see Chapter 2). Despite lasting only 1-

2 minutes, we present an innovative strategy for extracting valuable story summary labels from them

(see Chapter 2).

2



We proposea novel task of creating multimodal story summaries for TV episodes. Unlike previous

multimodal summarization methods [6, 7, 8] that can only generate either a video or a text summary

even after leveraging additional modalities, our task of story summarization is an instance of multi-

modal long-video understanding where an entire episode (typically 40 minutes) needs to be processed.

We formulate story summarization as an extractive multimodal summarization with multimodal output

(video-text-2-video-text, VT2VT) which further expands our horizon on harnessing the complementary

bene�ts in the additional modality. Speci�cally, with video shots and dialog utterances (story elements)

in the episode as input, we intend to build models that predict scores indicating the importance of each

shotand utterance. Note, selecting multiple important and connected sub-stories is different and chal-

lenging from most works that promote diversity [9].

1.1 Motivation & Contribution

Notably, existing video summarization techniques, in general, aim at extracting “point” summaries,

e.g., pinpointing speci�c actions in instructional videos [7] or prioritizing diversity [9]. In contrast, story

summarization emphasizes narrative-centric content, allowing it to retrieve multiple story segments har-

moniously aligned with the overarching story arc.

Recently, several studies [10, 11, 6] have explored multimodal summarization with multimodal out-

put (MSMO), which aims to generate video and text summaries using a joint model. However, their

limitation (except A2Summm [12]) in establishing temporal correspondence across complementing

modalities needs to be exploited. E.g., No existing method utilizes the mutual temporal alignment

between a video and its transcripts, which are automatically synchronized. Instead, the two modalities

are treated separately. We address this by proposing a hierarchical attention-based model,TaleSumm

(Chapter 3), that employs a two-tiered strategy for feature capture. As mentioned, A2Summ [12] too,

generates both outputs; but we differ signi�cantly in video type (storiesvs. creative videos), the duration

of the input video, and the model architecture. The �rst level of our model encodes shot and utterance

representations. At the second level, we foster interaction between shots and utterances within local

story groups based on a temporal neighborhood, reducing the impact of distant and potentially noisy

elements. To maintain the narrative's temporal �ow, a dedicated group token enables message-passing

across story groups. Our model leverages pre-extracted features from established backbones, allowing it

to capture interactions across all video shots and dialog utterances within a 40-minute episode. Notably,

3



it maintains ef�ciency, making it suitable for training on a modest GPU with12GBof memory. Plus,

we tried summarizing an entire TV episode (42 minutes long on average), which presents a formidable

challenge for models accustomed to processing shorter clips lasting just a few seconds to a few minutes.

In summary, our contributions are:

1. We propose story summarization that requires identifying and extracting multiple plot points from

narrative content. This is a challenging multimodal long-video understanding task bene�tting from

joint analysis of 40+ minute episodes.

2. We pioneer the use of TV show recaps for video understanding and show their application in story

summarization. We introduce PlotSnap, a new dataset featuring 2 crime thriller TV series with rich

recaps.

3. We propose a novel hierarchical model that features shot and dialog level encoders that feed into an

episode-level Transformer. The model operates on the full episode while being lightweight enough

to train on consumer GPUs.

4. We present an extensive evaluation: ablation studies validate our design choices, TaleSumm obtains

SoTA on PlotSnap and performs well on video summarization benchmarks.

We show generalization across seasons and even across TV shows, and evaluate consistency of labels

obtained from multiple diverse sources.

1.2 Summarization Odyssey

Video summarization predates Deep Learning (DL). Past methods focused on generating keyframes [13,

14, 15, 16], skims [17, 18], video storyboards [19], time-lapses [20], montages [21], or video syn-

opses [22]. However, given the effectiveness of DL methods (e.g. [23, 24, 25, 26]) over traditional

optimization-based approaches, we will primarily discuss learning-based approaches in the following.

Summarization modalities. We classify approaches based on input and output modalities.(i) Video

to frames/video (V2V) approaches model temporal relations [27, 28, 29], preserve diversity [30, 9],

or generate images/videos [31, 32, 33, 34]. On the other,(ii) text to text (T2T) methods are either

extractive[35, 36, 37] picking important sentences from a document, orabstractive[38, 39, 40] sum-

marizing the overall meaning by generating new text [41]. Relevant to our work, story screenplay

summaries [42, 43] or turning point identi�cation [44] can be seen as T2T summarization.

4



Multimodal approaches typically bene�t from additional modalities to enhance model performance.

(iii) Video-text to text (VT2T) is popular for screenplays [6, 45], particularly in generating video

captions [46, 7, 34].(iv) Video-text to video (VT2V) covers the �eld ofquery-guided summariza-

tion [8, 47, 48]. Finally, the last option is(v) video-text to video-text (VT2VT) summarization. Our

work lies here and is different from A2Summ [12] as we operate on long videos edited to convey com-

plex stories. Different from trailer generation [49] that avoids spoilers, we wish to identify all key story

events.

1.3 Existing Datasets

Summarization datasets.We compare popular summarization datasets based on above modalities in

Table 1.1. Video-only datasets, TVSum [2] and SumME [1], consist of short duration videos unlike ours.

Other video datasets work with �rst-person videos [53], are used for title generation [54], and even fea-

ture e-sports audience reactions [55]. For a nice overview of text-only (T2T) and text-primary (VT2T)

datasets, we recommend reading [6]. Brie�y, text datasets include news articles (CNN-DailyMail [51],

XSum [52], human dialog (Samsum [56]), and TV/movie screenplays (SummScreen [43]). While simi-

lar in spirit to screenplays used for storytelling, PlotSnap is different as it features TV episodes with long

videos and dialogs (without speaker labels or scene descriptions), a signi�cant challenge in long-form

video understanding.

1.4 Chronicles of Story Summarization: The Untold Saga

Story summarization retrieves multiple sub-stories contained within the story-arc of an episode. To

our best knowledge, we do not know of any work that approaches video-text story-summary generation.

However, there are approaches to understand stories in movies/TV shows through various subtasks:

person identi�cation [57, 58, 59, 60], question-answering [61, 62, 63], captioning [64, 65, 66, 67], situ-

ation understanding [68, 69, 70, 71], text alignment [72, 73, 74, 75], or scene detection [76, 77, 78, 79].

Recently, SummScreen3D [6] extends SummScreen [43] with visual inputs, but the output summary is

still textual. On the other hand our goal is multimodal story-summary generation by predicting both -

important video shotsanddialogs.
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Chapter 2

PlotSnap: The Plot of a Multimodal Dataset

We introduce the PlotSnap dataset consisting of long-form multimodal TV episodes with a well-

structured underlying plot spanning the multiple seasons and episodes. We consider two American

crime thriller TV shows with rich storylines:24 [80] andPrison Break(PB) [81]. Unlike sitcoms (used

commonly for person id), crime thrillers are recognized for their methodically crafted captivating plot

lines. Notably, both24 andPrison Breakhave good recaps, and are famous for using the catchphrase

Previously on...before presenting a summary of the previous episode(s).

We present some statistics of PlotSnap in Table 2.1. With a total of 205 episodes, the large number

of shots and dialogs present in each episode pose interesting challenges for summarization. The �rst

section of the table presents overall size and duration, second shows statistics for shots and dialog

utterances, and the third for recaps. We note that recap shots are much shorter (1.9svs. 3.2s for24)

allowing the editors to pack more story content in the same duration.

Our key idea is to use professionally edited recaps, shown at the beginning of a new episode, as labels

for story summarization. LetEn be thenth episode in a TV series.R n+1 is the recap shown just before

the episodeEn+1 begins and may contain content from all past episodesfEn ; : : : ; E1g. We classify the

visual content appearing in the recap into three types: (i) shots that are picked (and usually trimmed)

from En , (ii) shots that are picked fromEn� 1 or earlier, and (iii) new shots that did not appear in

any previous episode. On average, recap shots from24 belong to the above three categories with the

following proportions: 88%, 5%, and 7%. We remove the last episode of each season due to the absence

of a recap.
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TV Series 24 Prison Break

# of Seasons 8 2

# of Episodes 172 33

Dataset duration (hours) 125.9 24.0

Avg episode duration (s) 2635� 72 2615� 39

Avg # of shots per episode 825� 101 999� 117

Avg duration of shots (s) 3.2� 2.5 2.6� 2.3

Avg # of utterances per episode 564� 54 529� 59

Avg # of words/tokens in utterance 7.9� 5.4 7.4� 5.8

Avg recap duration (s) 104� 28 62� 20

Avg # of shots in recap 55� 12 43� 9

Avg # of utterances in recap 33� 6 22� 5

Table 2.1: Mean (� stddev) featuring properties of video shots, dialog utterances, and the recap in our

dataset PlotSnap.

2.1 Shot Matching

We propose a novel shot-matching algorithm whose working principle involves frame-level similar-

ities to obtain matches. First, we compute frame-level embeddings using DenseNet169 [82], which was

found to work better than models such as ResNet pre-trained on ImageNet [83, 84] based on a qualitative

analysis. An example is shown in Fig. 2.1.

Figure 2.1: Retrieval results for Recap from Episode Frames with DenseNet (Top) v/s ResNet (bottom).

We observe qualitatively that DenseNet is able to match to the correct frames from the episode more

often.
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