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Abstract

Despite recent advances of Al, story understanding remains an open and under-investigated problem. We col-
lect, preprocess, and publicly release a video-language story dataset, Synopses of Movie Narratives (SYMON),
containing 5,193 video summaries of popular movies and TV series. SYMON captures naturalistic story-
telling videos for human audience made by human creators. As a prototypical and naturalistic story dataset,
SYMON features high coverage of multimodal story events, abundant mental-state descriptions, and large seman-
tic gaps between the visual and the textual modalities. We establish benchmarks on video-text retrieval and
zero-shot alignment on movie summary videos, which showcase the importance of in-domain data in story
understanding. With SYMON, we hope to lay the groundwork for progress in multimodal story understanding.”

Keywords: video-text retrieval, video-language dataset, story understanding

1 Introduction

Stories are complex artifacts that succinctly encode the
human experience. The topic of computational story
understanding has attracted substantial research inter-
est over the years (Emelin et al, 2020; Chambers and
Jurafsky, 2008; Ferraro and Van Durme, 2016; Wang
et al, 2021; Chaturvedi et al, 2016; Kim and Klinger,
2019) , but multimodal story understanding (Tapaswi
et al, 2016; Agrawal et al, 2016; Kim et al, 2017;
Papalampidi et al, 2021) remains an under-investigated
problem. A particular challenge is the lack of multi-
modal datasets that contain naturalistic and complete
stories (vis-a-vis stories created solely for Al and story
segments with incomplete dramatic curves) but are
sufficiently short to match the compute available at
academic research labs.

In this paper, we present a new video-language
story dataset, named Synopses of Movie Narratives
(SYMON). The dataset is sourced from “a movie in
5 minutes” videos on YouTube and contains naturalis-
tic storytelling videos that summarize a movie, a TV
episode, or an entire season of a TV series. The videos
are created by human creators for a human audience.
They are composed of selected clips depicting key story
events and a narrator’s retelling of the story, providing
condensed yet complete storylines. SYMON includes
5,193 user-generated video summaries for a total length
of 869 hours. As an illustration of the data, we show
one short snippet in Figure 1.

SYMON is distinguished from other datasets for
its extensive coverage of multimodal story events and
mental states of story characters as well as an easy-to-
process short format. Its contents are representative of
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Fig. 1 A short video clip fromSyMoN, shown as a sequence of  Fig. 2 A event graph of causal connections between 7 events from
frames and the narration text. The timestamps indicate starting andThe Lorad of the Rings
ending times.

differentiate causal relations as either physical or moti-
storytelling techniques employed in naturalistic multi- vational. Physical causality is mediated by physical

modal stories. We contend th& MoN is a prototypi-  laws, whereas motivational causality involves the vol-
cal story dataset that will facilitate the understanding untary actions of an individual caused by internal
of crucial story elements. motivation, which may be reaction to external stimuli.

Although computational story understanding can For example, Gollum's desire for the Ring causes him
be traced back to (Schank et al., 1975; Wilensky, 1983), to bite off Frodo's nger.
today it is a comparably niche research area. To explain ~ An event can be described at several different lev-
how SyMoN facilitates the understanding of crucial els of granularity; choosing the right level is important
story elements, in the following we brie y analyze when building such event networks. Too much detail
the story understanding task and the requirements itcould hinder the identi cation of important events that
imposes on datasets. drive the plot. For instance, in the LSMDC dataset,

Converging evidence points to the central role of the event “Gollum bites off Frodo's nger and claims
events and their causal relations in story understandthe Ring” is subdivided into Gollum lifting his hand,
ing. First, most de nitions of stories in narratology Gollum biting, Frodo screaming, Gollum celebrating,
revolve around events and their causal and temporalGollum holding the Ring, etc (Figure 3), potentially
relations (Tomashevsky, 1925; Rimmon-Kenan, 1983; causing a computational system to be overwhelmed and
Prince, 2003; Schmid, 2010; Genette, 2014). A well- lose the forest for the trees. On the other hand, too lit-
known de nition due to Forster (1985) is that “the tle detail is also detrimental. Coincidentally, cognitive
king died and then the queen died” is insuf cient but research indicates the existence of a privileged level of
“the king died and then the queen died of grief” qual- event granularity that strikes the right balance between
i es as a story (which Forster called a plot) because ef ciency and information loss and is dominant in
the latter introduces a causal relation between the twohuman cognitive processing (Barker and Wright, 1955;
events. Second, cognitive science research indicate\bbott et al, 1985; Rosch and Lloyd, 1978; Zacks and
causal relations are key to human story understand-Tversky, 2001).
ing (Graesser et al, 1991; Trabasso and van den Broek, We aim to empirically verify ifSYMoON portrays
1985). Third, early works in story generation often stories at the privileged level of event granularity. Nev-
assemble events into a causal network (Meehan, 1976grtheless, it is dif cult to determine the right granularity
Young et al, 1994; Ried| and Young, 2010). of eventa priori, as event descriptions are also mod-

In Figure 2, we show a causally related network erated by the story context. For example, if the story
of events fromThe Lord of the Rings: The Return is about what happens after the Ring is destroyed,
of the King Following Trabasso et al (1989a), we the ght preceding its destruction may be abridged
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or omitted. Instead of manually coding event granu- judgments. Together, the weakly supervi§&xvoN

larity, which would be highly subjective, we adopt
human-written story summaries from Wikipetias

and the fully annotated YMS dataset (Dogan et al,
2018) form a complete test suite and a new challenge

gold references, which the cognitive science theory for the multimodal research community.

would posit to be at the privileged level. In Section 4,
we show thatSYMON contains signi cantly more

As a baseline for future research, we present a sim-
ple neural network equipped with a history retrieval

overlap with the Wikipedia summaries than similar mechanism for tackling the story understanding tasks.
multimodal movie story datasets. This also makes Results indicate that modeling long-range dependen-
SYMoN more likely to contain complete dramatic cies provides bene ts for story understanding.

curves (Li et al, 2018) than other datasets.

Another advantage @y MON is that it contains
abundant descriptions about mental states of story char-
acters. As shown in Figure 2, motivational causality
plays an important role in relating events. Character
emotions and intentions help in understanding motiva-
tion causality (Trabasso et al, 1989b; Riedl and Young,
2010). For example, in Figure 1, Tony Stark's fear of
death motivates him to make arrangements for his com-
pany. Experimentally, we show th&¥ MoN describes
mental states of story characters, such as their emotions
and intentions, much more frequently than comparable
datasets (see Section 5).

Yet a third characteristics @y MoN is the use of
storytelling techniques iBY MON causes substantial
disparity in the semantic content of the visual and tex-
tual modalities, which we refer to as the cross-modality
semantic gap (see Section 6). These techniques, such
as omission of events easily inferred from context and
the use of symbolic and indirect visual representation,
are widely employed in multimodal storytelling but
are rarely covered in traditional video-text datasets.

In summary, we make the following contributions
in this work:
* We collect, preprocess, and publish a large-scale

movie summary dataseBy MoN. We demon-
strate that large-scale and in-domain data boost
performance on movie understanding tasks.

We experimentally characterize thgy MoON
dataset in three aspects crucial for story under-
standing: (1) event descriptions at the right level
of granularity and story completeness. (2) the
amount of mental-state descriptions, and (3) the
semantic divergence between text and video. The
experiments underscore the differences between
SYMoN and existing datasets.

To facilitate future research, we establish base-
lines for bi-directional text-video retrieval on
SyMoN and zero-shot video-text alignment on
YMS. We demonstrate the effectiveness of model-
ing long historical context in story understanding.

2 Background and Related Work

Through a video clip sequencing experiment and a  q Background on Story and Event

principled probabilistic analysis, we estimate the cross-
modality semantic gap &y MoON to be about 31.4%,

Structures

whereas comparable datasets have gaps that are eith&rhe structuralist school of narratology has offered dif-
too large to bridge or too small to provide a meaningful ferent variations for the de nition of a narrative or a
challenge. Hence, we argue tf@&tMoN is uniquely story (Prince, 2003), but most theorists regard events
suited to computational understanding of multimodal and their relations to be key to story structures. Forster
storytelling techniques. (1985) argued that a minimal story must contain two
We propose cross-modal retrieval and sequential events that are causally related. Tomashevsky (1925)
cross-modal alignment as evaluation tasks for story argued for the necessity of causality whereas Genette
understanding o8y MoN. Correctly matching the  (2014) believed one event alone can constitute a story.
video clips and text snippets 8 MON requires under-  Schmid (2010) pointed out that it can be dif cult to
standing of the story semantics in order to bridge the ascertain the existence of causal relations and sug-
aforementioned cross-modality semantic gap. More-gested temporal relations should suf ce. It follows that
over, retrieval and alignment tasks can be objectively a story understanding dataset should offer opportunities
evaluated and annotated, whereas annotating storyto understand events and their relations.
telling techniques would require substantial subjective Given the importance of events in story understand-
ing, we need to ask how detailed should the event
descriptions be. One event can be described as a whole
or as several parts. For example, the event “going to

Lhttps://github.com/markriedl/WikiPlots
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school” has parts like “getting dressed”, “waiting for Due to space limitations, the above discussion of
the school bus”, “getting on the bus” and so on, and emotion and motivation is vastly simpli ed. But it is
each part can be further decomposed. Such part-wholeapparent that emotions, motivations, and intentions of
relations form an event partonomy, a cognitive structure story characters are a crucial aspect of stories. Indeed,
that plays important roles in narrative comprehension Trabasso et al (1989b) proposed motivation as one type
and event understanding (Zacks and Tversky, 2001;of causal relations in stories; Riedl and Young (2010)
Sridhar et al, 2010). introduced motivations and intentions into plan-based

Cognitive science research shows there is a privi-story generation. Several text-based datasets describe
leged level in the event partonomy that people naturally this aspect of stories (Rashkin et al, 2018a,b; Sap
adopt when talking and thinking about events (Barker et al, 2019). Therefore, we argue that a good story
and Wright, 1955; Abbott et al, 1985; Rosch and Lloyd, understanding dataset should facilitate computational
1978; Schank and Abelson, 1978; Zacks and Tversky,understanding of how emotions of the story characters
2001). The right level in the event partonomy offers create intentions and motivate behaviors.
enough information at reasonable ef ciency. There-
fore, we argue that a good st.ory yr)derstanding dataset2_3 Datasets for Event and Story
should describe events at this privileged level. .

It is also worth mentioning the structuralist perspec- Understanding.
tive of the story arc, or the constituents of a complete Existing datasets annotate the temporal aspects of
story. Aristotle (circa. 335 BC) stated that a story con- events, such as temporal precedence and duration
tains a beginning, a middle and an ending. Freytag (UzZaman et al, 2013; Chambers et al, 2014; Ning et al,
(1863) proposed a ve-element structure consisting 2020; Zhou et al, 2021; Vashishtha et al, 2019, 2020),
of the exposition, rising actions, the climax, falling and causal relations between events (O'Gorman et al,
actions, and the denouement. The most important vari-2016; Roemmele et al, 2011).
able in Fretag's structure is dramatic tension, which Several datasets explore individual components
rises to its climax through rising actions before falling of stories, including sentence ordering (Gangal et al,
to the denouement. Several prominent variations of 2021), social norms and moral consequences (Emelin
story arcs exist and Li et al (2018) attempted to offer et al, 2020), plausible antecedent events (Brahman et al,
a unifying annotation scheme. Inspired by these theo-2021), intentions and effects on mental states (Rashkin
ries, we argue that a good story understanding datasett al, 2018b), high-level story structures (Ouyang and
should contain complete stories that cover as much of McKeown, 2015; Li et al, 2018), and story character
the story arc as possible. descriptions (Brahman et al, 2021). Sap et al (2019)
consider relations between events, persona, and mental
states. Some datasets aim at summarization of screen-
plays or conversation transcripts (Gorinski and Lapata,
2015; Papalampidi et al, 2020; Chen et al, 2021).

Some QA datasets are conditioned on comprehen-
The creation of story characters with realistic moti- Ssion of story texts, such as MCTest (Richardson et al,
vation and behaviors is a hallmark of storytelling 2013), NarrativeQA (Koisky et al, 2018), and Friend-
excellence (Burgess, 2022; Murakami, 2022). Cog- SQA (Yang and Choi, 2019). Multimodal counterparts
nitive studies indicate that emotions play a central include MovieQA (Tapaswi et al, 2016), TVQA (Lei
role in human motivation and decision making (Naqvi et al, 2018), and Pororo (Kim et al, 2017). However,
et al, 2006). More speci cally, the cognition-appraisal- not every question in the QA datasets requires in-depth
coping framework (Smith et al, 1990; Gratch and narrative understanding.
Marsella, 2004) posits that external stimuli are pro-
cessed by various cognitive processes, whose result$ 4 \/ideo-Text Movie Story Datasets.
are appraised for potential emotional arousal. Some
emotions, especially negative ones, require regulationA number of datasets supply story content extracted
and coping; these emotions motivate either external from movies. The Large-Scale Movie Description
behaviors that attempt to change the environment, orChallenge (LSMDC) (Rohrbach et al, 2017) provides

psychological adaptation of the person's own stancesmeticulously detailed language descriptions of the
and relations with the external world. video content initially intended for the visual impaired.

2.2 Background on Emotion, Motivation,
and Intention
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Table 1 Comparison of video description datasets with story content.

Lﬁdeo #Videos (#Clips) #Sent Vocab.
ours

CMD (Bain et al, 2020) 1,270 3,605 (33,976) 35,681 15,272
MovieNet? (Huang et al, 2020) 2,000 1,100

LSMDC Rohrbach et al (2017) 147 200 (128,085) 128,118 22,500
Pororo (Kim et al, 2017) 20.5 171 (16,066) 43,394
MovieGraph (Vicol et al, 2018) 94.0 51 (7,637) 20,849

SyMoN (Ours) 869 5,193 683,611 40,116

Although these descriptions are highly accurate, they“movie recap”, and “movie shortened”. We download
are not representative of real-world storytelling. all videos from the identi ed channels and accompa-
YouTube Movie Summary (YMS) (Dogan et al, nying subtitles, which may be written by humans or
2018) contains 94 YouTube movie summary videos automatically generated by YouTube. In subsequent
with human-narrated storylines. The Condensed processing, we do not distinguish between manual
Movies Dataset (CMD) (Bain et al, 2020) gathers 7 and automatic transcriptions, but we include a label
to 11 key clips from each movie with one-sentence in the dataset for automatic transcript. Videos without
descriptions for each clip. Pororo (Kim et al, 2017) subtitles are excluded. Finally, we perform rule-based
captures 20-minute cartoon episodes, in-show conver-extraction of movie names from metadata and subtitles
sations, and human-written descriptions. MovieNet and discard videos that are not movie summaries.
(Huang et al, 2020) annotates 2000 hours of movies  This yields a total of 5,193 videos with an average
with extensive annotations and aligned movies scripts.length of 9.5 minutes and a total length of 869 hours.
However, due to copyright considerations, at the time On average, the narration in one video contains 1,717
of writing, the video release is still pending. words or 131 sentences. The overall vocabulary size is
Other types of video annotations have been 40,116.SYyMoON contains summaries for 2,440 movies
explored, including semantic roles and event relations and TV series, of which 432 have more than 1 sum-
(Sadhu et al, 2021), character relationships and types ofmary. The most popular movighe conjuring has 12
speech (Wu and Krahenbuhl, 2021), and movie graphssummaries. On average, one movie or TV series in the
(Vicol et al, 2018). 432 has 2.79 summaries. Compared to existing movie
In this work, we collect a large-scale, readily avail- story datasets (see Table §¥MoON has the largest
able, multi-reference dataset of human-curated movie collection of short storytelling videos as while as the
summariesSY MON. The dataset can be leveraged for largest vocabulary.
various story understanding and generation tasks such
as sequential text localization, story generation from 3.2 Preprocessing
video, and movie summarization. To our knowledge,

SYMoN is the largest dataset for short naturalistic Subtitle Masking. Some videos have subtitles embed-
storytelling videos. ded in the video. In tasks like text-to-video retrieval,

the embedded subtitles may become a shortcut fea-
ture, causing neural networks to rely on only optical
character recognition.

In this section, we describe the procedures for collect- 10 eliminate shortcuts, we locate embedded subti-

ing and preprocessig of trMoN dataset, and also tles and mask them out. For ef cie_ncy, we randomly
report some data statistics. sample 100 frames from each video and apply an

accurate text detection technique (Baek et al, 2019).
Observing that the subtitles are almost always at the
same location in a single video, we take the minimum

We apply the following procedure for data collection. bounding box that can cover all embedded subtitles in
First, we manually identify relevant YouTube channels all 100 frames as the masked region; we set all pixels
by searching with keywords such as “movie summary”, in the region to black.

3 Collection and Preprocessing

3.1 Dataset Collection and Statistics
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Punctuation Restoration. We acquire subtitle texts * Gollum bites off Frodo's nger and claims the
from YouTube directly. Sometimes the texts are the Ring. (rising action)

result of automatic speech recognition, which cannot ¢ Frodo attacks Gollum. (rising action)
recognize punctuation. To x this, for every unpunctu- * Frodo and Gollum fall off the ledge. (climax)
ated narration text, we generate punctuation with the ¢ Gollum falls into the lava with the Ring. (climax)
approach proposed by Alam et al (2020). * Frodo is saved by Sam. (falling action)

* The Ring is destroyed. (falling action)
Despite having the shortest video run time (31 sec-
ronds),SYMoN covers all 7 events. In comparison,

Scene Segmentatiorlater experiments require tem-
poral segmentation of videos based on camera cuts. Fo

tgis p”Lposg’liNi rurzlct)g%datigekt] t:rough Lhe(;\etwork Ofthe CMD text describes the nal outcome, the destruc-
(Sowek and Loke, ), which detects hard camera tion of the ring, but omits the rest completely. The gap

cuts. A scene, de ned as a continuous shot be'[Weenbetween the brief CMD text and the 40-second video

:w%('\:/lu[t)s, Iasif1 2.2 segor;df ontavehrage. This |S|S|r?'|2a£is hence substantial. The third dataset, LSMDC, is
0 » anothérmovie dataset, wnose scenes last <. designed to help the audience with visual impairment.

seconds on average. However, average scenes in Activy :
; ; ! A As a result, its text offers a blow-by-blow recount of
ityNet (Caba Heilbron et al, 2015) and Kinetics-400 y

the video. Although LSMDC texts match well with the
(Kay et ?I’ 2017), last for 11.1 seconds apd 30 S,econdsvideo and may be useful for understanding individual
respectively. This shows camera cuts in movies are

h f t than th ted vid . shots, excessive details may complicate story under-
much more frequent than the user-generated videos Instanding at the event level and obscure the big picture.
ActivityNet and Kinetics.

For example, the description “Gollum suddenly lifts
his hands to his face and bites” and subsequent sen-
4 Dataset Analysis: Event tences render it dif cult to infer that Gollum reclaims

Granularity and Story Coverage thg r.ing this way, whereas in WikiPlots ast MoN

this is explicitly explained.

As discussed in Section 2.1, to assist an Al systemin ~ From a cognitive science perspective (see Section
acquiring the ability to understand stories like humans, 2), LSMDC descriptions sit at a lower level on the event
it is desirable for the dataset to represent events at aPartonomy thar8y MoN, and CMD descriptions sit
level of granularity akin to human cognitive represen- at a higher levelSyMoN has the best alignment with
tation. This level of granularity should be neither too the human-written summary from WikiPlots, which we
concise nor too detailed. From the perspective of eventargue is at the privileged level of event partonomy that
causality, the right level of event granularity should balances information and ef ciency. In the next section,
omit details that do not advance the storyline. In addi- we verify this empirically.
tion, it is desirable for the dataset to contain complete L
stories spanning the entire story arc. 4.2 Quantitative Assessment of Story

In this section, we argue th&vMoN provides Coverage

event descriptions at the right level of granularity and We computationally estimate the extent to which stories

rglatlvely cqmplete stories. We . rst present a qualita- in CMD, LSMDC, andSyMoN cover the sentences
tive comparison between three video-text story datasets,

) S in WikiPlots. We use a three-step procedure for com-
After that, we quantify the similarity between human : . .
. f . . puting story coverage. First, we match movie summary
written story summaries from Wikipedia and textual

o . in our dataset to their WikiPlots summaries by ndme
descriptions of video-text story datasets. : . .
Second, we estimate if a sentence from the video
o narration is equivalent to a sentence in WikiPlots
4.1 Qualitative Example using a distance metric. We experiment with two dis-

Figure 3 compareSy MoN with two other video-text tance mgtrips between input sentepa&md b. Th_e
story datasets, CMD and LSMDC, as well as WikiPlots _rst metric Is th?, average probability o& entail-
story summaries, using the same scene taken frben ing b and b entailing a from the natural language
Lord of the Rings: The Return of the ngle |dent|fy inference classi er of Nie et al (2020) Alternatively,
7 major plot events that form a sub-story arc with rising

and fa”mg tension: . L. . 3For story coverage evaluation dBvMON, only movies whose plot
* Frodo puts on the Ring. (rising action) summaries can be found in WikiPlots is included.
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Fig. 3 Compare textual granularity of CMD, LSMDS&YMoN, and WikiPlots. The frames are respectively sampled fronsthé oN, CMD,
and LSMDC video summaries of the movide Lord of the Ring: The Return of the Kingdeo-text correspondence are manually marked by
colors and numbers. We present the WikiPlots summary of the same movie segment as the last section.
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Table 2 Estimated alignment percentage with two distance metrics

and Dynamic Time Warping. With the optimal o and g, we perform DTW

again and calculate story coverage as the proportion of

Distance Metric CMD LSMDC  $MoON WikiPlots sentences matched with narration sentences,
Symmetric Entailment  10.6%  18.1% 44.3% 1 X M wiki-
SBERT Cosine 28.7% 38.3%  81.2% Coverages 1w @)

I

where the summation is over all WikiPlots summary
from Sentence-Bert (SBERT) (Reimers and Gurevych, texts andK is the number of WikiPlots movies appear-
2019), we compute the cosine distance between theing in the video dataset. In th& WikiPlots text,M

sentence embeddings. denotes the number of matched sentencesh\giti
Finally, we nd the best correspondence between denotes the total number of sentences.
two texts using Dynamic Time Warping (DTW) Table 2 shows the story coverage results. Though

(Berndt and Clifford, 1994). Briey, DTW utilizes  the two distance metrics result in different cover-
dynamic programming to nd the minimum-cost cor- age numbers, the ranking between methods remains
respondence between two sequences, the WikiPlotsunchanged. Of the three datase&gMON provides
sentence sequenck, and the narration sentence the highest story coverage. LSMDC takes second place,
sequenc® . We refer readers to Appendix A for details  partially bene ting from the extreme lengths of its texts.
of the DTW algorithm. DTW has two model parame- The results demonstrate th&¥MoN stories cover
ters, A and g, which denote the costs for skipping a more major plot points than the other two datasets. As
sentence in sequencAsandB. We determine them  most WikiPlots summaries are complete stories, and
from manual annotations, as described below. are probably at the privileged level of event partonomy,
We manually labeled 1,000 sentences from CMD the ndings suggests th&y MoN contains relatively
for correspondence to Wikiplots stories, 1,000 sen- complete story arcs and and has suitable granularity for
tences fromSyMoN, and 2,000 sentences from story understanding.
LSMDC, which amount to 83 texts from CMD, 8 texts
from SYMoN, and 4 texts from LSMDC, due to dif- 5 Dataset Analysis: Mental-state
ferept text lengths. A second annotator labeled a §ma|| Descriptions
portion of data from each dataset to compute inter-
rater reliability. Cohen's Kappa o8YMON, CMD,  As explained in Section 2.2, characters’ mental state
and LSMDC are 0.86, 0.59, and 0.33 respectively. We gych as emotions, intentions, and motivations play
believe the low agreement on LSMDC is caused by the crycial roles in the causal network of events and in
much longer lengths of LSMDC texts than Wikiplots - story understanding. In this experiment, we measure
stories, which led to dif culties in annotating precise - the frequency of words related to emotions, intentions,
correspondence. and motivations in the text associated with the videos.
On this annotated dataset, we use grid search toFor emotional words, we adopt the WordNet-feelings
nd the optimal A and g that maximize the accuracy  dataset (Siddharthan et al, 2018), which includes

of DTW, which is de ned as 11,387 emotion-related words identi ed by human
N experts. For motivation and intention words, we nd
M Wik et 200 nearest neighbors of the words “motivation” and

Accuracy= 2 N wiki * Ntext (@ “intention” using 300-dimensional fastText embedding

(Bojanowski et al, 2017) trained on Wikipedia and
Common Crawl. We stop at 200 words as we nd
additional neighbors to be mostly irrelevant.

Table 3 reports word frequencies for every thousand
words in four video-language datasets. We observe that
SyMoN employs mental-state words with the highest

Here MWK and NWK are the number of correctly
matched and the total number of WikiPlots sentences,
respectivelyM < and N ¢ are the number of cor-
rectly matched and the total number of sentences in
the video narration. We do not directly optimize align-
ment percentage because doing so will cause DTW to

!I’] ate a“gnment percentage by matChmg sentences 4Acquired from https://github.com/facebookresearch/fastText/blob/master/
incorrectly. docs/crawl-vectors.md.
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Table 3 Frequency of words related to emotion, motivation, and
intention per one thousand words.

Emotion Motivation Intention

AcitivityNet Captions 275 0.51 2.7

LSMDC 33.5 0.62 2.8

CMD 38.9 1.41 9.4

SyMoN (all text) 57.6 1.58 23.9 Fig. 4 This example shows three frames fr@itence of the Lambs
SYMOoN (excl. commentary) 61 1.78 24 The text (kill) describes the effect of the video (shooting).

frequency. InterestinghByMoN contains 2.5 times as ~ We qualitatively analyze the cause and quantitatively
many intention-related words as the next dataset, CMD, estimate the semantic gap.

whose textual descriptions also focus on story content.

_LSMDC, containing_literal Q<_escriptions of movie clips, 6.1 Categories of the Semantic Gap

is ranked at the third position. As a sanity check of

the metric we adopt, we compute the same statisticsThrough manual examination of the data, we provide a
for ActivityNet Captions (Krishna et al, 2017), con- categorization of the mismatch between the narration
taining matter-of-fact descriptions of actions in generic textand the video. Though the list of categories is likely
user-uploaded videos. As we expect, ActivityNet Cap- incomplete, we believe it can provide insight into the
tions uses the least of mental-state words. Overall, thetypes of multimodal storytelling techniques utilized by
ranking is consistent with the nature of the datasets, asvideos in ¥ MoN.

story text describes mental states more often than lit-
eral descriptions of generic videdy MoON appears

to be the most prototypical story dataset.

One possible caveat of the above analysis is that
it does not exclude narrator commentary, which may
have in ated the word frequencies. We further recruited
human annotators from Amazon Mechanical Turk
(AMT) to label 36,955 sentences (8.5% of all text from

Moving along the causal chain.Instead of describ-
ing precisely the event shown in the video, the narrator
describes its immediate cause or effect. For example,
in Figure 4, the video shows Gum getting shot and
then lying on the ground coughing up blood. The text
describes the event as “Clarisse kills Gum.” The expec-
tation is that the viewer can infer that “being killed”

SYMoN ith i t is the direct effect of getting shot and therefore can
) as either commentary or non-commentary. match the text with the video. By utilizing this strategy,

The workers annota?e_d 8.9% c())f sentences as COMMEN 6 narrator avoids stating the obvious and provides
tary. Over the remaining 91'1/0. or 33,666 Sente‘n.ces’im‘ormation that complements the video.
we recompute the frequency statistics and nd marginal
changes. We conclude that the high frequencies areSymbolic representation of eventsThe storytelling
indeed due to the story content rather than narratorin SyMoN sometimes employs a symbolic object to
commentary. Details of the AMT experiment are in represent the occurrence of an event. For example, in
Appendix B. Figure 5, the video shows Dolores Umbridge sitting
on the headmaster's chair while the narrator states
6 Dataset Analysis: Cross-modality “Umbridge becomes the new headmistress™. Here, the
; chair represents the event of Umbridge becoming
Semantic Gap headmistress. The audience is expected to have com-
monsense knowledge and be aware of the association

Multimodal storytelling often utilize the modalities in a between the high-back armchair and someone's status
complementary manner. For example, lyyer et al (2017) as the headmaster or headmistress
study comics and nd that imagery and text are inter- '

woven in the storytelling and understanding any single Reference to long-range contextNarrator may make
modality only is insuf cient for story understanding.  references to previous events when explaining the cur-
Similarly, in SYMON, the story narration and the rent event, so that long-range context is needed to
video often are not simple duplicates, but provide match current video segment with text. For example,
complementary information. As a result, the text in in Figure 6 the video shows a ship full of wine barrels
Sy MoN often does not exactly match the video con- moving toward a town and the text says the company is
tent, i.e. cross-modality semantic gap. In this section, smuggled into Asgaroth. To understand the connection
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