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Abstract

Movie trailers are an essential tool for promoting films
and attracting audiences. However, the process of creating
trailers can be time-consuming and expensive. To stream-
line this process, we propose an automatic trailer genera-
tion framework that generates plausible trailers from a full
movie by automating shot selection and composition. Our
approach draws inspiration from machine translation tech-
niques and models the movies and trailers as sequences of
shots, thus formulating the trailer generation problem as a
sequence-to-sequence task. We introduce Trailer Genera-
tion Transformer (TGT), a deep-learning framework utiliz-
ing an encoder-decoder architecture. TGT movie encoder
is tasked with contextualizing each movie shot representa-
tion via self-attention, while the autoregressive trailer de-
coder predicts the feature representation of the next trailer
shot, accounting for the relevance of shots’ temporal or-
der in trailers. Our TGT significantly outperforms previous
methods on a comprehensive suite of metrics.

1. Introduction

Movie trailers are essential marketing tools for the film in-
dustry, generating anticipation by showcasing captivating
scenes, storylines, and cast members. They enable studios
to fuel marketing campaigns and build interest ahead of a
movie’s release. For audiences, trailers serve as decision-
making tools, offering a condensed preview of the film’s
content. Despite their importance, creating trailers is costly,
time-consuming, and demands expert knowledge.

The process of creating a trailer can be broadly divided
into two stages'. In the first stage, video editors immerse
themselves in the entire movie, viewing all the shots. They
carefully select relevant trailer shots and arrange them in a
specific order to craft an engaging flow and rhythm for the
movie trailer (see Fig. 1, top row). This is a time-consuming
and tedious process as the editor has to sort through an ex-
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Figure 1. Trailer Generation Problem and Solutions. The top
row depicts the movie and expert-created trailer. The process com-
poses shots from the movie in non-chronological order to create a
compelling and intriguing story. Depicted in the central row are
the classification/ranking strategies that classify/rank each shot in
the movie independently (classification) or with limited relative
interaction (ranking). The bottom row represents our approach
which can reason over the entire input movie sequence before pro-
ducing a provisional trailer with non-chronological shots order.

tensive collection of movie shots [38]. The second stage in-
volves fine-editing which incorporates dialogue and sound
modeling into the trailer. This work delves into the do-
main of Automatic Trailer Generation (ATG) with the aim
of streamlining the first stage, i.e. shot selection and se-
quencing, to create a trailer montage from a given full movie
(see Fig. 1, bottom row).

ATG has remained a relatively underexplored problem
mainly due to the complexity of the task and the lack
of well-established benchmarks. Nevertheless, few prior
works [6, 23, 32, 38] have made efforts to tackle this chal-
lenging task. These works have approached trailer genera-
tion in different ways. Some works [23, 32] have framed
it as a binary classification problem, where each shot in a
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movie is classi ed as either a trailer shot or not, while oth- generation. The scores are fused with the input sequence, a
ers [6, 38] have treated it agankingproblem, whereinthe  process we ternrailerness encodinglrawing a parallel to
top-ranked movie shots are considered as trailer shots. positional encoding in [37]. Theontext encodeconsists

While the progress has been promising, previous worksOf & stack of transformer encoder layers, leveraging self-
on trailer generation exhibit several limitations, mainly due attention mechanisms [37] to contextualize each shot rep-
to their problem formulations. First, both classi cation and resentation based on the entire movie sequence, effectively
ranking are likely vulnerable to a long-tail distribution prob- achieving temporal modeling across multiple shots.
lem since only a few percent of movie shots are trailer shots, The decoder of TGT is an autoregressive model that pre-
and hence, there will always be a class imbalance in classi - dicts the feature representation of the next trailer shot. This
cation [32] or a signi cant amount of hard negatives in rank- design choice is instrumental in enabling the model to learn
ing [38]. Second, in classi cation-based works [23, 32], shot composition, speci cally, the ordering of shots, differ-
all trailer shots are classi ed in parallel, and the decision €ntiating our approach from previous works [6, 23, 32, 38].
on whether a given shot is a trailer is not conditioned by See the comparison between the central and bottom rows
shots that are already selected as trailer shots. This evenin Fig. 1. At training time, the decoder takes the encoder
tually leads to numerous repetitive shots being categorizedoutput and the target trailer sequence and employs a causal
as trailer shots. Similarly, ranking-based works [6, 38] only mask to learn to predict the next shot representation. At test
consider two shots at a time. Third, and most importantly, time, the model generates outputs in an autoregressive man-
existing works do not consider shot composition (ordering), ner. Finally, a greedy algorithm based on nearest neighbor
as their formulation does not allow it. Consequently, the retrieval matches the generated trailer shot representations
shot sequence in the generated trailer mirrors the chronologWith all shots in the movie, thereby selecting the most suit-
ical order of the shots in the original movie. See Fig. 1, cen- able shots for assembling the output trailer.
tral row, for a graphical illustration of the predicted trailer ~ We curate an extensive dataset of movie-trailer pairs and
generated by classi cation and ranking methods. employ tailored loss functions to train TGT for automatic

Our work addresses these limitations by introducing a trailer generation effectively. Furthermore, to foster fur-
new trailer generation framework. First, we formulate ther research on ATG, our Work_ presents new benchmarks
trailer generation as a regression problem where we predicased on two widely-used movie datasets: MAD [33] and
continuous feature representations of trailer shots instead ofOvieNet [10]. We construct these benchmarks by pair-
a discrete binary class. This makes our approach less vuliNg corresponding trailers and segmenting both movies and
nerable to a long-tail distribution problem [43]. Second, we trailers into shot sequences, resulting in two datasets with
employ an autoregressive approach in which the predictionMovie-trailer pairs. We perform extensive experiments to
of a trailer shot embedding at a speci ¢ time step is con- a55€ss the performance of our approach and compare it to
ditioned not only on the input movie sequence but also on PreVIous methods using metrics t_hat rede ne how we mea-
the generated trailer sequence up to the current step. ThirdSUre trailer generation across various aspects. '
we design a model that takes shot composition into account, ©OUr contributions are:(1) A novel trailer generation

and we reinforce this concept through training on a large setformulation that effectively overcomes the inherent limita-
of movie-trailer pairs with carefully designed losses. tions of previous approache) Trailer Generation Trans-
In pursuit of these speci cations, we introduce Trailer former (TGT), an autoregressive encoder-decoder architec-

Generation Transformer (TGT), a model designed to au-\t,l:;ie rt]hat r;qebnerratre;s dp;O\r/t'ﬁ'Orngl tri”eri fr?)omN fl\Jl\lll Ercglles,
tomatically generate plausible trailers using full movies as ch can be re ned further by experts(3) Ne

input. Our approach uses an encoder-decoder architecturf/‘enchmarks built atop two movie datasets: MAD [33] and

that models ATG as a sequence-to-sequence (seq2seq) pro _qvieNet [10]. we eyaluatg trailer ggneration per_formance
lem [36, 37], where the input sequence corresponds to theUsing a comprehensive suite of metrics that consider all rel-
movie sequence, and the target sequence represents the dg\_/ant aspects of the process.
sired trailer. To make this process computationally feasible

and follow the natural structure of movies, we utilize a shot 2. Related Works
boundary detector [35] tiokenizemovies and trailers and  Trailer Generation ~Several papers have attempted to au-

use a state-of-the-art visual encodiee.(CLIP [28]) to ob-  tomate the process of trailer generation. Cheal.[4] ana-

tain sequences of visual embeddings. lyze movie composition based on sets of rules and grammar
TGT's encoder comprises two componentisilerness to generate a trailer by concatenating shots with a specic

encoderand context encoder The trailerness encodein- “movie tempo” above a threshold. Smeatetral. [31] em-

gests the entire movie sequence and estimates the likelihoogloy audiovisual features and a support vector machine to
of each shot being relevant for trailer creation. This step automatically select shots for trailers, highlighting the im-
identi es the visually captivating shots often used for trailer portance of shot sequence but leaving it to artists. Some



tions, subtitles, or metadata, to nd similar moments in the n andm represent the number of shotshh andT, re-
video transcript or subtitles and select corresponding shotsspectively. During training, we use paired movie and trailer
for trailer creation. Others [14, 17, 32] use audio-visual fea- sequences, denotedfd ;; T;g, wherei refers to the index
tures to identify potential trailer moments from long videos. of the movie-trailer pair. These pairs serve as a basis for the
Some works [11, 22] tackle the trailer generation task model to learn the essential features and patterns necessary
using prede ned templates and automatically |l them with for generating trailers from movie sequences. In contrast,
clips from the initial sequence. In contrast, our approach during testing, the model is given only the movie sequences
solely relies on the movie sequence and does not use temas input, without any corresponding trailer sequences. The
plates, additional metadata, or audio features to generate thpurpose of this setup is to evaluate the model's ability to
trailer. Finally, Wanget al.[38] recently proposed CCANet, ~ generate trailer sequence$that are coherent and relevant
a deep learning model that utilizes co-attention and con-to the given movie sequencét. The performance of the
trastive attention modules to match and distinguish trailer model is assessed by comparing the generated trailer se-
moments from non-trailer moments. However, CCANet is quencesT ° to the ground truth trailer sequencgs using
limited to a single genre and requires genre-speci ¢ train- suitable evaluation metrics.
ing. Our work, on the other hand, is genre-agnostic and op- ) )
erates effectively across the diverse range of genres preserﬁ-l- Proposed Trailer Generation Transformer

in MovieNet [10] and MAD [33]. Camera shots in movies and trailers provide a convenient

video structure that we leverage. Our initial step in-

Video Summarization Video summarization aims to se- volves segmenting the movie and trailer into shot sequences

Ietct the most '”?go”a“t clips frogn a.lglwtan tv'qle 0 to cre- (fuigl,; andfVjgl,, respectively) using a state-of-the-
ate a concise video summary. similar 1o trarler genera- , shot-boundary detector [35]. Learning directly from
tion, this task involves a shot selection aspect that models

t add Earli ks ait ted vid "~ the pixel space of long-form videos in an end-to-end man-
Must address. arlier Works attempled video summarizas, poses demanding computational burdens. Therefore,
tion across different video domains without explicit super-

. to ef ciently represent the input sequences, we leverage a
;/rlflotn [i’ 1?” 20, 21, 25d2I7 441' Other yvorrs appr%agr(;ed pretrained CLIP model [28] as a base encoder to extract
IS tas .usm89 SU_FI)_%N'S? earning, .comér;rg Ir_\?m we th fo the feature representations of each shot, thereby transform-
sumkmarlesl[ ]%r .sen?s srl:mmarle_s[l (]j efpr"esen a IVeing the movie and trailer into a sequencevigual tokens
ch;r S Iemp oye van?us Ecﬂ?'?ll“'es’ u;cu ing udydcct)nvgé i.e.fuigl, andfvjgl,. To indicate the beginning and
u |(;)na se_quder;cet nezvgor S i ea(rjn I_rom gzéure dac?[c ]end of a movie/trailer sequence, we use learnable start-of-
and unpaired data [29], graph modeling [26], and deter- sequence309 and end-of-sequencEQS tokens, respec-
minantal point process (DPP) for structured predictions of _, -
. tively, as shown in Fig. 2.
video sequences [16, 40, 41].

. : . . We draw inspiration from machine translation tech-
Recent attempts include using attention-based enCOd'n%iques [3, 36, 37]. Speci cally, we approach the trailer

to score the importance of each frame using regression [5]generation problem as a sequence-to-sequence (seq2seq)
or modeling the interaction between video and text to com- task [36, 37]. In seq2seq, an encoder captures semantic
pute a saliency score [39]. Additionally, Zh_aagal. [42] and syntactic information from an input token sequence and
proposed a sequence-to-sequence modeling approach Ug, v ers it into a contextualized sequence. Then, a de-

g anﬂ:e ncqéier—decodetr LSTI;Ar]—bas?d ?rchnecture g’spre'coder generates the translated sequence by producing to-
slerv7e eV ecl) semantics in t (atogl put sequence. e}n kens one at a time, conditioned on the contextualized se-
al. [7] propose leveraging movie trailers as supervision for guence and previously generated words. We apply this con-

wd;z? s_tjmn;arltzaqon, while ?ur wc;rr]k utshes pairs of mO\:_'es cept to model the automatic trailer generation (ATG) prob-
and trailers for trailer generation rather than summarization. o, - essentially “translating” a movie into a trailer. To

Lastly, CLIP-It [23] guides video summarization with text do this, we use an attention-based encoder-decoder archi-
through dgnse video captlong, while TL:DW? .[24] focuses tecture [37] and introduce our Trailer Generation Trans-
on exploring cross-modal saliency between video and textsrmer (TGT) model. TGT consists of two main compo-

(transcript) signals to summarize instructional videos. nents: the Movie Encoder (detailed in Sec. 3.1.1) and an
3. Methodology auto-regressive Trailer Decoder (described in Sec. 3.1.2).
Problem Formulation Given a movie sequendd , the 3.1.1 Movie Encoder

problem of automatic trailer generation (ATG) aims at gen- The movie encoder aims at encoding a given movie se-
erating its corresponding trailer sequefceHere,M de- guence into a contextualized feature sequence by using a
notes a sequence of movie shétd;; U,;:::;U,gandT trailerness encoder followed by a context encoder, as shown



Figure 2. Architecture Overview. Sub gure (a) illustrates our TGT model's training pipeline. Movies are segmented into shots and
transformed into visual embeddings via a pre-trained CLIP model [28]. Enhanced with positional embeddings and trailerness scores, these
tokens undergo context encoding. The trailer decoder, during training, uses ground-truth trailer shots as queries for cross-attention with
encoder output, then parallelly regresses the next shot feature using a causal mask. Sub gure (b) shows the inference pipeline where the
trailer decoder sequentially generates trailer shots in an autoregressive manner while the movie encoder process remains unchanged.

in the Movie Encoder block of Fig. 2. scores are added to inject information about the relative
degree of trailerness of the movie shots in the sequence

Trailerness Encoder Given an input sequence of visual (see Fig. 2 Movie Encoder).

positional encoding layer is rst used to embed information Context Encoder Trailerness encoding adjusts each po-
about the relative position of the input tokens. We then feed sitionally encoded visual token by a unique oat number,
the sequence into a trailerness encdgler The purpose of  representing the trailerness score. Yet, to understand the re-
the trailerness encoder is to observe the full movie and rea-ationships between shots in the movie sequence, the trail-
son over the likeliness of each movie shot to be in a trailer. erness encoded sequence is passed through a context en-
In Er, a Transformer [37] self-attention lay#r, followed coderkc (see Eq. (4)). The purpose of the context encoder
by alinear layef and a Sigmoid layes, is used to predicta  is to obtain a contextualized representation of the input se-
trailerness score for each visual token in the input sequenceguence, essential for decoding a trailer. We use a stack of
as formulated below: Transformer [37] encoder layers fBg. Through the multi-
head self-attention mechanisiy considers the context in
which each movie shot appears, generating a representation
that encapsulates the meaning of the entire movie sequence.

tp n+1

P = S(F(A(SOSH ojui+ 1511 EOSH n41)); (1)

where ; denotes the positional encoding value at position
i andt? 2 [0; 1] represents the predicted score of a movie
shotU; as a noteworthy shot to be included in a trailer. Dur- @)
ing training, we compute the ground truth trailerness scoreWherec denotes a contextualized movie sequence repre-
tST for each movie shot by taking the maximum value of sentation fronEs q P
the cosine similarity between the movie shot and all the '

trailer shots (see Eg. (2)). A high valuet§f meansthata 3.1.2 Trailer Decoder

movie shotU; is in a trailer, whereas a low value indicates
that the movie shot is not similar to any shots in the trailer.
We optimize the mean-squared error between the predicte
and ground truth trailerness scores during training to guide
the trailerness encod&; as shown below in Eq. (3)

Given the output of the context encoder, we utilize a trailer

djecoderDT to autoregressively generate shot embeddings,
which are subsequently matched back to the movie se-
guence to compose the trailer. At training time, the trailer

decoder inputs the learned cont€xiand a positionally en-

GT _ . ; ) o Uiy coded but right-shifted trailer sequence as shown in Fig. 2
v = Max:Sij » forl i mwheres;; = ku; kkv; k’ (a). The decoding is done in a sequential manner Ehat
(2 attends to the contex@ and a trailer sequence up to the
K1 P current positiorf SOSvy;:::;v; 19 in order to output the
Le= gt 2745 () next trailer embedding; (Eq. (5)). This enables the net-
i=0 work to ef ciently capture sequential dependencies and po-

whereL; denotes trailerness loss and the ground truth trail- sitional information of shots, facilitating the learning of shot
erness score foBOS(tST) and EOS(tS], ) tokens is set  composition for generating a trailer sequence. The next
to 0. After positional encoding, the predicted trailerness trailer shot generation scheme in our work is equivalent to



next-word prediction in language modeling [37]. We use
a stack of Transformer [37] decoder layers oy . At in-

ference time, as ground truth trailer sequence is not avail-

able, the trailer decoder starts w{t@; f SOS)) and autore-

increased production rates. The training set is paired with a
validation split containing 300 movie-trailer pairs used for
hyperparameter selection.

Furthermore, we introduce new benchmarks for trailer

gressively decodes a trailer sequence using the previouslgeneration, building upon two mainstream movie datasets:

generated trailer shot embeddings until decodingERES
token. The decoding process is formulated as follows:

1 j m+l: (5

MAD [33] and MovieNet [10]. To align these datasets with
our task, we enhance them by including their respective
trailers obtained from IMDDb [1]. Notably, not all movies in
these datasets have trailers available on their IMDb pages.
Consequently, we obtained 602 out of 650 movie-trailer

Lastly, we adopt a Greedy Search strategy utilizing NearestpairS for MAD and 989 out of 1100 for MovieNet. We

Neighbor retrieval. This method involves comparing each

embedding of the decoded shots against all shot represen.

tations from the movie. The shot with the highest feature
similarity is then selected for assembling the output trailer.

3.1.3 Training Losses

We train our network by optimizing the embedding distance
between the predicted trailer sequehéeg;:::;¥m;¥m+10

also ensure no overlap between the test sets and the train-
ing/validation splits.

3.3. Evaluation Metrics

We evaluate the trailer generation performance by taking
both shot selection and sequencing into account. We follow
previous works [9, 38] and employ Precision, Recall, and

F1-score metrics to measure the accuracy of a model in pre-
dicting trailer shots from an input movie sequence. We also

sure that the trailer decoder outputs the correct shot at eacleasyre the correctness of the predicted trailer sequence
step, we minimize the reconstruction loss between eachsing | evenshtein distance (LD) and Sequence length dif-
predicted trailer embedding and the corresponding groundference (SLD) metrics. Levenshtein distance (also known

truth embedding as shown in Eq. (6). As mentioned ear-
lier, the order in which the shots are decoded is crucial for
trailer generation. To integrate this concept into the pro-

a edit distance) [15] is de ned as the minimum number
of edits (insertions, deletions, or substitutions) required to
transform the decoded trailer sequence into the ground truth

posed model, we introduce a sequence-based loss, minimiZsequence. Sequence length difference measures the abso-

ing the Kullback-Leibler (KL) divergence loss between the |te difference in the number of shots between the predicted
predicted trailer sequence distribution and the ground truthyyajler sequence and the ground truth sequence.

distribution, as shown in Eq. (7).
Xl

19
j=1

v % (6)

Liec =

X
Ll = softmax (vj) log

i

softmax  (vj)
softmax (¢;)

)

The total training loss is de ned as the sum of the trailerness
encoding loss in Eq. (3), the feature reconstruction loss in
Eq. (6), and the sequence-based loss Eq. (7).

Liotat = Lt + Lyec + Lie: (8)
3.2. Datasets

Movies exhibit a large diversity encompassing genre, style,

4. Experiment

Implementation Details We use the TransNet-V2 [35]
model for preprocessing movies and trailers into sequences
of shots. Additionally, we employ the pretrained CLIP ViT
H/14 [28] for shot feature extraction. The trailerness en-
coderEr contains a single Transformer [37] encoder layer.
The context encodét- consists of four encoder layers. Five
decoder layers are used for the trailer decdder. Each
encoder and decoder layer has a hidden dimension of 1024,
8 attention heads, and a feed-forward dimension of 2048.
SOSandEOStokens are initialized by creating an embed-
ding vector of size 1024, sampled from a Normal distribu-
tion. AdamW [19] optimizer with an initial learning rate of

le 4and acosine warm-up scheduler is used during train-
ing. Our model is trained for 200 epochs with a mini-batch

narrative structure, theme, artistic choices, and many mores;ze of 8, on a single NVIDIA A100 GPU.
We argue that exposing our model to a large and compre-

hensive collection of movies is crucial for building a gener-
alizable trailer generation pipeline. Following this motiva-
tion, we collect a training set of 23,304 movies and trailers
spanning 28 genres. These movies cover over 120 year
of cinematic history, albeit with a natural bias towards more
recent Ims, re ecting the industry's continuous growth and

4.1. Trailer Generation Performance

In this section, we evaluate the performance of our ap-

groach by comparing it with three baseline methods: Ran-

dom, CCANet [38] and CLIP-It [23], on the MAD [33] and

2Training experiments done at KAUST.
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