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a b s t r a c t
Predicting box oﬃce revenue (BOR) of movies before releasing on big screens successfully becomes an emerging
need, as it informs investment decisions on the stock market, the design of promotion strategies by advertisement
companies, movie scheduling by cinemas, etc. However, the task is very challenging as it is aﬀected by a lot of
complex factors. In this paper, we ﬁrst provide a strategic investigation of these inﬂuential factors. Then, we
put forward a novel framework to predict a movie’s BOR by modeling these factors using big data. Speciﬁcally,
the framework consists of a series of feature learning models and a prediction and ranking model. In particular,
there are two models devised for learning features: (1) a novel dynamic heterogeneous network embedding
model to simultaneously learn latent representations of actors, directors, and companies, capable of capturing
their cooperation relationship collectively; (2) a deep neural network-based model designed to uncover highlevel representations of movie quality from trailers. Based on the learned features, we train a mutually-enhanced
prediction and ranking model to obtain the BOR prediction results. Finally, we apply the framework to the Chinese
ﬁlm market and conduct a comprehensive performance evaluation using real-world data. Experimental results
demonstrate the superior performance of both extracted knowledge and the prediction results.

1. Introduction
Investing in companies from the ﬁlm industry on the stock market is
harder than investing other companies in traditional industries because
these ﬁlm-related companies’ stocks are strongly aﬀected by the ﬁnancial performance of their upcoming movies in the short term. Hence,
accurate and reliable prediction of the Box Oﬃce Revenue (BOR) of a
movie before releasing is an in pressing need, as it greatly informs the
tough investment decision-making process when facing such a high-risk
and high-yield opportunity. In addition, the prediction is highly important for advertisement companies that seek to embed their ads in popular
movies. Such a prediction can also assist cinemas in scheduling movies
and help people choose movies to watch.
However, the task is incredibly challenging as a movie’s BOR is affected by a lot of complex aspects. Here, we ﬁrst investigate these inﬂuential aspects, coming up with ﬁve factors falling under two major
stages of the movie-making lifecycle, as illustrated in Fig. 1:
(1) Production stage. A movie is made in this stage from an initial
story, through screenwriting, casting, and shooting:
• Screenwriting. Most ﬁlm experts believe that a movie’s
story is highly predictive of its ultimate BOR performance

because the premise of an amazing movie is that there is
a wonderful story [1,2].
• Casting. Casting a movie requires teamwork between
three types of main participants, i.e., actor/actress (denoted as actor hereafter for simplicity), director, and production company. Their performance is considered to be
the most important driver of the movie’s BOR [3,4].
• Shooting. A movie is communicated to audiences through
the lens. Therefore, the quality of shooting aﬀect the audiences’ perception, which impacts the BOR eventually
[5,6].
(2) Distribution stage. After the production, the movie prepares for
releasing in this stage:
• Promotion. As we know, the more people see the movie
the higher the BOR. Thus, movie promotion generally involves an advertising campaign by distribution companies
to let audiences’ know about and to further pique their
curiosity about the movie [7].
• Schedule. Selecting the right time to release is also vital
for the BOR of movies, e.g., releasing to a period with more
holidays and avoiding competition from the same type of
movies [8].
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Fig. 1. Inﬂuence factors of the BOR.
•

Initially, the task was considered impossible. Jack Valenti, former
CEO of the Motion Picture Association of America, claimed in 1979,
“No one can tell you how a movie is going to do in the marketplace, not
until the movie opens in darkened theatre and sparks ﬂy up between the
screen and the audience” Nevertheless, driven by the apparent ﬁnancial
beneﬁt, researches have been attempting to predict BOR prediction since
1983 [9]. Since then, the issue was broadly studied by econometricians
and operations researchers [10–15]. However, these models are usually
based on empirical assumptions with hyper-parameters that are not easy
to set. Recently, big data in the ﬁlm domain have become widely available, enabling researchers to solve this challenging problem from a data
perspective [7,16–24]. Nevertheless, the performance of these previous
methods is fairly limited as they suﬀer from the following issues.

The rest of the paper is organized as follows: a brief review of related
work is demonstrated in Section 2. Section 3 presents an overview of our
data and solution. Section 4 and Section 5 details two speciﬁed feature
learning models, respectively. The prediction and ranking model will be
introduced in Section 6. We evaluate our method in Section 7 followed
by the conclusion of this paper in Section 8.

(1) In general, each method takes into account some of the inﬂuencing factors, and there is no method that has considered all the
above factors simultaneously (see Section 2 for more details).
Thus, it is a challenge and opportunity to consider all of these
factors simultaneously, and we may expect a better result.
(2) Casting participants, i.e., actor, director, and production company, are already extensively used in the prediction task. However, most of the prior work handled participants independently
by simple hand-crafted features and thus fail to capture dependencies among them [8,25–27]. Instead of an individual participant’s expertise, the cooperation between diﬀerent participants
is essential to determining the casting quality of movies. Therefore, it is important but diﬃcult to measure their cooperation
especially when these participants have never worked together.
(3) The existing studies have not fully exploited the potential of trailers due to the high complexity of visual data [5,6,28]. However,
as a snippet of the movie, it is very valuable before the movie
is released. Proper investigation providing information about the
shooting factor from movie trailers is required.

2. Related work
We study several categories of related works, positioning our work
in the research community.
2.1. Box oﬃce revenue prediction
In recent years, big data reﬂecting movies have become widely available, enabling us to solve this challenging problem from a data-driven
perspective. In this section, we mainly focus on these data-driven studies.
Speciﬁcally, these studies can be classiﬁed into two groups based
on the time point when conducting the prediction, i.e., pre-release and
post-release. For the latter, approaches to integrate data about BOR performance, ratings, and word-of-mouth (e.g., reviews from social media)
of the initial several days could achieve quite accurate results [16,18–
21,23]. Unfortunately, knowing the prediction results at such a late
stage is of little value to business people whose money has been spent
and who have no time to adjust their investment strategy. The rest of the
research was interested in predicting the BOR prior to releasing, and it
is in this group that our study falls. As aforementioned, making prediction at this time point is more commercially valuable. Next, we review
papers of this group in terms of modeling the inﬂuential factors.

To tackle these issues, in this paper, we propose a novel framework
to predict a movie’s BOR, considering and modeling all of the above
factors from a wide variety of data. Speciﬁcally, the framework consists of a series of feature learning models and a prediction and ranking
model. First, we propose a Multi-task dynamIc heterogeneous Network
Embedding model (MINE) that learns embeddings for the three types of
participants in a uniﬁed latent space, capable of capturing their cooperation knowledge in a collective environment. Second, a Deep Neural
Network (DNN) is designed to uncover knowledge of the movie shooting factor from trailers. Besides, we propose to employ a topic model to
extract knowledge about screenwriting from textual data. Then, we concatenate the above knowledge with several hand-crafted features representing the movie distribution factor as a movie’s feature vector. Finally,
a mutually-enhanced prediction and ranking model is trained based on
the movie feature vectors to provide ultimate prediction results.
In summary, our contributions include the following:
•

We study a novel dynamic heterogeneous network embedding
method, i.e., MINE, to handle the casting factor. By introducing
dynamic models that capture the temporal correlations of participants, MINE can learn all participants’ representations in diﬀerent periods collectively with a multi-task paradigm.
In contrast to only considering simple features about trailers such
as the number of plays and audience ratings, we propose to explore the shooting factor from trailer contents by leveraging the
power of deep neural networks. Experimental results show that
the prediction results using the learned features are signiﬁcantly
better than these simple features.
We ﬁrstly build a set of comprehensive ﬁlm-related datasets
about one of the biggest ﬁlm markets in the world (i.e., the Chinese ﬁlm market). These datasets collect movies’ proﬁles, trailers,
stories, as well as the actors’ proﬁles from many diﬀerent websites, and we will release them to the general public to encourage
future studies. Moreover, the results demonstrate the eﬀectiveness of our framework. We have also deployed the solution as a
service for a business group to assist their investment.

(1) Production factors.
• Screenwriting. Most ﬁlm experts believe that a movie’s
story is highly predictive of its ultimate BOR performance
[1,2]. Motivated by this, literature took advantage of
scripts to predict the BOR and conﬁrmed the correlation,
e.g., [29,30]. Thus, in this paper, we leverage a topic
model to uncover the power of the story data to depict
this factor.
• Casting. Participated actors, directors, and companies had
been exploited by related work [8,25–27]. Nevertheless,
they used independent hand-crafted features, i.e., properties of the three types of participants. This way fails
to capture dependencies among them. Clearly, instead of
an individual participant’s expertise, the cooperation between diﬀerent participants determines the casting quality of movies. Later, Parimi et al. introduced a graph-based

We comprehensively investigate inﬂuential factors for a movie’s
BOR. To the best of our knowledge, this is the ﬁrst work which
takes full consideration of these factors when predicting movies’
BOR.
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method to capture relations between movies, such as sharing with the same actors or directors, alleviating the movie
independence assumption [31]. However, the employed
homogeneous graph is too simple to host such a sophisticated relationship. Hence, in this paper, we introduce a
tri-partite graph to handle the issue and develop a novel
embedding method, i.e., MINE to preserve the casting factor into embeddings of participants.
• Shooting. The impact of movie trailers on the BOR was
investigated by previous research [5,6,28]. However, feature extraction in these methods is typically done by hand.
Thanks to the big data era, multimedia data about movies,
such as trailers and posters, are publicly available on
the Internet. In addition, DNNs have demonstrated their
power in understanding these multimedia data. In light of
this, Zhou et al. [24] used movie posters as a supplement
to predict the BOR employing a CNN conﬁguration. Trailers contain far more information than posters. Hence, to
uncover the knowledge to assist in the prediction task, in
this paper, we design a DNN to deal with trailers.
(2) Distribution factors. Extracting hand-crafted features about the
promotion factor and the schedule factor has also been studied and showed to be fairly accurate [8,22]. Following the work,
we also adopt these useful features in our paper.

two aspects. First, these methods are all designed for homogenous networks and incredible to extend to HINs, whereas MINE
is studied based on a HIN. Second, these methods incrementally
handle the dynamic. In speciﬁc, suppose that we have learned the
node embeddings before time t, they then investigate solutions
to update these node embeddings at time 𝑡 + Δ𝑡, such that the
updated embeddings can reﬂect the changed network structure.
However, we jointly learn all snapshots simultaneously, which is
thus better to capture the temporal information globally.
2.3. Video learning

It is observed that all of these previous studies just considered a part
of the inﬂuential factors. Instead, in order to get more accurate prediction results, our method properly considers and models all these factors.

Videos provide more information to the image recognition task by
adding a temporal component through which motion and other information can be additionally used. Encouraged by the success of deep CNNs
on image classiﬁcation [51], researches extend the deep networks to
video understanding tasks, such as action recognition [52–54] and video
classiﬁcation [55,56]. However, our task diﬀers from these conventional
tasks in two aspects. First, trailers’ content is more complicated than the
used videos in these extensively studied tasks. Second, there is a limited
number of movie trailers and no obvious label data for trailers to support us training a monolithic end-to-end network. In light of these issues,
we decompose trailers to a series of keyframes, design a concise deep
conﬁguration by stacking several pre-trained components to leverage
knowledge from these well-studied network structures, and propose to
use movie ratings as our training label to assist in understanding these
trailers.

2.2. Network embedding

2.4. Big data and data fusion
Big data is a general concept, covering a broad range of topics, from
big data analytics to data-intensive computing and applications of big
data research [57,58]. In this paper, we study an application of big data.
That is, predicting BOR from large datasets consisting of multiple modalities, in which trailers are visual data, stories are textual data, and participants are network data.
More speciﬁcally, such a multi-modality application can be viewed
as a typical data fusion task. Data fusion has been regarded as a new
challenge in the big data application research [43,59–61]. According to
Zheng [59], data fusion methods can be classiﬁed into three categories:
stage-based, feature level-based, and semantic meaning-based. Following this line, our framework, from a macroscopic perspective, abides
by the stage-based fusion manner, i.e., using diﬀerent datasets at the
diﬀerent stages. From a mesoscopic perspective, the feature extraction
process obtains embeddings for each inﬂuential factor and fuses them by
the concatenation, which is a feature level-based fusion method. Moreover, the proposed embedding methods in the feature extraction process, such as MINE and the designed deep network, fuse data with the
semantic meaning-based way from a microscopic perspective, because
we carefully design these methods by understanding the insight of each
dataset. Note that the proposed embedding methods also belong to the
category of technique research in terms of the big data analytics [47,62–
64].

(1) Static network. Inspired by the setting of word embeddings [32],
DeepWalk [33] pioneered network embedding by considering the
node paths traversed by random walks over networks as the sentences and leveraging a skip-gram model for learning node embeddings. With the advent of this work, many network embedding models have been developed, such as LINE [34], node2vec
[35], and SDNE [36]. However, these models all paid attention
to homogeneous networks. As a newly emerging direction, HIN
[37,38] can naturally model complex entities and their rich relations, which brings a new challenge to unify the heterogeneous
types of nodes and edges in an embedding space. Recently, several works attempted to analyze HINs via embedding methods
[39–44]. However, because these methods are designed for static
heterogeneous networks and diﬃcult to generalize to dynamic
networks, they fail in our participants learning scenario that is in
fact a dynamic heterogeneous network embedding problem. Like
these methods, PTE [45] is an eﬀective model in static heterogeneous networks. But, in contrast to them, PTE can be uniﬁed into
a matrix factorization framework with closed forms [46]. Taking
advantage of this characteristic, we propose a novel dynamic heterogeneous network embedding method, i.e., MINE, making PTE
work in a dynamic environment.
(2) Dynamic network. In real-world applications, it is well recognized
that edges between nodes evolve over time in a network [47].
To handle the issue in the ﬁeld of network embedding, Chen and
Tong [48] proposed a fast eigenvalue-tracking algorithm, called
TRIP, which can be used to update the solution of the SVD problem when preserving the 1st-order proximity. Goyal et al. used a
dynamically expanding deep autoencoder to capture highly nonlinear 1st- and 2nd- order proximities of nodes [49]. Zhu et al.
presented a model, denoted as DHPE, which develops an incremental updating method to transform a static high-order network
embedding method being dynamic [50]. As previously discussed,
the proposed MINE also devote to tackle the dynamic issue, which
can be distinguished from the existing methods as the following

3. Overview
Fig. 2 presents the architecture of our framework. First, data representing diﬀerent inﬂuential factors of a movie are fed to distinct feature
learning models to extract features of the corresponding movie. Then,
we use these feature vectors to learn a prediction model. Concretely:
Feature extraction. We concatenate the following features as a
movie’s feature vector.
(1) Production stage. Data reﬂecting factors in this stage are multimodality. To avoid heavy and tedious manual feature extraction
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Fig. 2. The architecture of our framework.

and better capture knowledge, we design three learning components, which automatically extract knowledge from the corresponding data.
• Screenwriting. It is impossible to get the full script of a
movie before it releases. In this paper, we use story abstracts, which introduce the movie’s story in a few words,
to model the screenwriting factor of a movie. Topic models
have shown their eﬀectiveness in document understanding
tasks [65]. Hence, we aim to use a topic model to uncover
knowledge about the movie’s screenwriting from the story
abstracts. However, the story abstract data is too short
to train a conventional topic model because of the sparsity of word concurrence in a short length document. To
address the issue, we propose employing a bi-term-based
topic model, called BTM [66]. It learns topics by directly
modeling the generation of bi-terms in the corpus, making
the inference eﬀective with the rich corpus-level information on short texts. Taking advantage of this model, we
denote the topic distribution vector of a story abstract as
its movie’s screenwriting feature.
• Casting. As a movie is cast by the three types of participants, i.e., actor, director, and production company, we
construct a participant network to assist us in uncovering the casting factor. On this basis, the goal here is to
model the cooperation between participants instead of using hand-crafted features of participants independently.
To this end, we aim to investigate a network embedding model to learn participants’ embedding collectively.
Then, we use these embeddings to generate the casting
features. In particular, using these embeddings makes it
easy to measure cooperation that has never happened before. However, the task is very challenging. (a) The network of the three types of participants is heterogeneous,
which brings diﬃculties for the embedding learning. (b)
The network is dynamic over time with evolution of participants. E.g., an actor may develop herself from a nobody to a rising star, and further to an Oscar award winner gradually by his production. Though their name does
not change, they have already become “diﬀerent persons”.
Hence, it is reasonable, but very challenging, to assign an
embedding in diﬀerent periods for each participant. Existing work about embedding dynamic network [48,50] or
heterogeneous network [39–41] fail to address the two issues simultaneously. To this end, we propose a novel em-

bedding model, i.e., MINE. We will introduce the model
in Section 4 speciﬁcally.
• Shooting. A trailer is a recombination of clips from its original movie, which is available before the movie is released.
Thus, in order to decode the shooting factor, we gather
trailers of movies and extract the knowledge from the visual content. The DNNs have shown promising results in
many computer vision tasks [51,56,67], which motivates
us to leverage the technology identifying the shooting factor by projecting a trailer to a vector (i.e., shooting feature). However, we face two main diﬃculties when using deep networks: (a) trailers’ content is more complicated than the videos in traditional video classiﬁcation
tasks [56]; (b) We have a limited number of movie trailers that is far from enough to train monolithic architectures. To overcome the two issues, we design a two-stage
network conﬁguration. More speciﬁcally, to address the
data limitation issue, we ﬁrst transfer knowledge from a
well-known video recognition network to pre-process raw
trailers, which thus reduces model complexity dramatically. On this basis, in order to extract higher-level knowledge, we leverage the movie rating to supervise a pairwise paradigm. The network is described in more detail in
Section 5.
(2) Distribution stage. Data corresponding to factors in this stage
is comprised of a collection of structured data. To include the
knowledge in our prediction models, we extract hand-crafted features from the data.
• Promotion. For a movie, we ﬁrst collect the number of fans
in social media, historical BORs, ratings, and awards of
its participants as well as the movie’s IP (Intelligent Property) information, genre, and the sequel, because they are
promotion materials revealing the original appeal of the
movie. Moreover, the properties of distribution companies
for the movie, such as maximum, minimum, and average
BOR of movies distributed by the company, are used to
identify the ability of the company. Besides, the number of
news about the movie in professional ﬁlm portal websites
before released is counted as an indicator of the current
promotion eﬀectiveness.
• Schedule. We use holiday type, the number of holidays,
holiday BOR capacity, capacity growth rate, and other
related data to represent a schedule period. In addition,
we overlay this with competitor data, e.g., the number of
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Table 1
Notations used in the MINE section.
Notations

Descriptions

m
n
t



𝐀𝑖 ∈ ℝ𝑚×||
𝐃𝑖 ∈ ℝ𝑚×||
𝐂𝑖 ∈ ℝ𝑚×||
′
𝐀𝑖 ∈ ℝ𝑚×||
′
𝐃𝑖 ∈ ℝ𝑚×||
′
𝐂𝑖 ∈ ℝ𝑚×||

𝐁 ∈ ℝ𝑚×𝑛
𝐁 ∈ ℝ𝑚×𝑛
𝐁 ∈ ℝ𝑚×𝑛

The length of the embedding
The length of the sparse embedding
The number of snapshots
A set of actors
A set of directors
A set of companies
Actor embedding matrix in the snapshot i
Director embedding matrix in the snapshot i
Company embedding matrix in the snapshot i
Actor sparse embedding matrix in the snapshot i
Director sparse embedding matrix in the snapshot i
Company sparse embedding matrix in the snapshot i
Base (dictionary) matrix for the actor
Base (dictionary) matrix for the director
Base (dictionary) matrix for the company

demonstrate how to model the dynamics. In other words, the calculated
edge weights of these snapshots vary according to newly added movies.
More speciﬁcally, to identify the cooperation between participants,
we deﬁne a score, as shown in Eq. (1), to determine the edge weight of
participants according to the quality of their cooperated movies before
the timestamp of this snapshot. Take the ﬁrst snapshot of  as an example. Suppose 𝑗𝑘 = {𝑚1 , 𝑚2 , … , 𝑚|𝑗𝑘 | } is a set of movies cooperated
by participants j and k before this snapshot, their edge weight ejk can be
calculated by Eq. (1):
𝑗𝑘 |
⎛ |
⎞
(
)
(
)
1 ∑
𝑒𝑗𝑘 ≡ 𝑤1 𝜎 ⎜
(𝑏𝑧 + 𝑟𝑧 )⎟ + 𝑤2 max 𝑗𝑘 + 𝑤3 max 𝑗𝑘
⎜ 2 𝑧=1
⎟
⎝
⎠
𝑠.𝑡. 𝑤1 + 𝑤2 + 𝑤3 = 1

(1)

where bz and rz is the BOR ranking ratio and rating of movie mz ,
respectively, 𝑗𝑘 = {𝑏1 , 𝑏2 , … , 𝑏|𝑗𝑘 | }, and 𝑗𝑘 = {𝑟1 , 𝑟2 , … , 𝑟|𝑗𝑘 | }. Besides, 𝜎() is the Sigmoid function, function max () returns the maximum value among the given set, and parameters w1 , w2 , and w3 are
used to adjust the importance of each part (we set all of them equal to
1/3). Concretely, as the real BOR value is impacted by the market environment, we use the ranking of the BOR instead of the value directly,
𝑏𝑧 = exp−𝜌(𝑞−𝑢) ∗ (1 − (𝑟𝑎𝑛𝑘𝑧 ∕𝑡𝑜𝑡𝑢 )) where u is the snapshot when mz is released, totu is the total number of movies released around the snapshot,
rankz is the BOR ranking of mz among totu movies. exp−𝜌(𝑞−𝑢) is a timeaware weighted function where q is the current snapshot to weaken old
cooperation and highlight new cooperation since the eﬀect of a movie
decays as time goes on.
In summary, the intuition of the score is to consider both long-term
cooperation (the ﬁrst part) and greatest cooperation (the last two parts)
since cooperation quantity is vital, but cooperation quality is more important where moviegoers always remember those excellent movies. For
the next snapshot, as the cooperated movies are updated, we recalculate
each edge weight according to Eq. (1) using a new movie set. At last,
we generate t snapshots of  in this way.

competitors and the number of competitors with the same
genre.
Prediction model. We propose learning a prediction and ranking
model to take advantage of these movie feature vectors and uncover the
BOR of movies. We employ this model since: (1) a linear predictor is
equipped in the model requires very few parameters and has shown its
eﬀectiveness in many learning-to-rank algorithms [68]. (2) This model
utilizes the ranking information. On the one hand, the ranking information helps make decisions for business people; on the other hand,
the predicting and ranking objectives can also be enhanced mutually.
(3) A feature selection mechanism is also conducted simultaneously in
this model to eliminate redundant features. Details of the model can be
found in Section 6.
4. Dynamic heterogeneous network embedding model

4.1.2. Problem deﬁnition of the participant embedding

To model the relationship among participants’ cooperation, i.e., actors, directors, and production companies, we propose a novel embedding model, i.e., MINE. In this section, we ﬁrst formalize the dynamic heterogeneous network embedding problem. Then, we describe
the MINE for tackling the problem in detail.

Deﬁnition 1 Participant Embedding Problem. Given a dynamic graph
 including t snapshots, the task is to learn the m-dimensional latent
embeddings {𝐀1 , 𝐀2 , … , 𝐀𝑡 }, {𝐃1 , 𝐃2 , … , 𝐃𝑡 }, and {𝐂1 , 𝐂2 , … , 𝐂𝑡 } for all
snapshots collectively and simultaneously, preserving cooperation relationships between the three types of participants.

4.1. Preliminaries

4.2. MINE
Table 1 lists frequently-used notations in the section. Note that we
use lowercase bold letters, such as a, to represent vectors. Data matrices
are written in uppercase bold letters, such as X. Calligraphic letters, such
as , are used to represent sets. In addition, Xi indicates the matrix of
the time slot i, X(jd) represents the jth row and kth column of the matrix,
and 𝐁 denotes the matrix for the type of set . Finally, we adopt ℝ
and ℝ+ to denote the set of real numbers and non-negative real numbers,
respectively.

4.2.1. Model overview
In order to tackle the deﬁned problem, we propose a novel model,
named MINE. The main idea of MINE is demonstrated in Fig. 3 (b), in
which each plate is represented as a snapshot.
In each snapshot, a static module captures the cooperation relationship into participants’ embeddings. Meanwhile, participants also have
temporal dependencies. This is captured by a global correlation module among snapshots, which jointly extracts the common characteristics for each speciﬁc type of participant. We also learn a local smoothness module for two arbitrary adjacent snapshots, capturing the local dynamic information. Concretely, participants who have no new
movies between two adjacent snapshots should have their representations change smoothly. Notably, the two modules mean our model essentially follows a multi-task learning paradigm such that participants
from all snapshots are projected into a uniﬁed latent space, which is
capable of helping us better capture the cooperation relationship by utilizing the knowledge between tasks.
In summary, we give a brief formulation of the MINE as Eq. (2),
including three parts according to the above three modules, respectively.
We will detail them subsequently.

4.1.1. Graph construction
As pervious mentioned, the relationship between participants can
be represented by a network. Here, we show how we construct this network.
We propose to use a tripartite graph [37,38] to host participants’
cooperation relationship, which is composed of two sub-networks, i.e.,
an actor-director network and an actor-company network, as shown in
Fig. 3 (a). This is because the cooperation between the actor and the director and the cooperation between the actor and the company are two
main interactions, whereas the director and the company have no frequent cooperation patterns. In addition, the graph is dynamic as their
cooperation relationship is time-evolving. In order to easily generate
diﬀerent embeddings at diﬀerent timepoints for a participant, we denote the dynamic network as a sequence of snapshots. Thus, we further

 = 𝑠𝑡𝑎𝑡𝑖𝑐 + 𝑑𝑦𝑛𝑎𝑚𝑖𝑐
+ 𝑑𝑦𝑛𝑎𝑚𝑖𝑐
𝑔𝑙𝑜𝑏𝑎𝑙
𝑙𝑜𝑐𝑎𝑙
29

(2)
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Fig. 3. (a) Tri-partite graph of participants; (b) The main
idea of MINE model .

where 𝐁 , 𝐁 , and 𝐁 are high-level bases (i.e., templates) for each
′
′
′
type of participants shared by all tasks, 𝐀𝑖 , 𝐃𝑖 , and 𝐂𝑖 are the sparse
∑𝑡
𝑑𝑦𝑛𝑎𝑚𝑖𝑐
representation for each participant. Finally, 𝑔𝑙𝑜𝑏𝑎𝑙 = 𝑖=1 𝑑𝑦𝑛𝑎𝑚𝑖𝑐
for
𝑔𝑙𝑜𝑏𝑎𝑙

4.2.2. Static module
For a task (snapshot) i, having such a tripartite graph with rich information about participants’ cooperation relationship, we aim to preserve the information in participants’ embedding. To this end, we can
adopt PTE [45], an eﬀective extension of LINE (2nd) in heterogeneous
networks that can capture both network structures and semantic information in embeddings. In fact, the cooperation relationship can be
represented by the two-fold information. This is because the structures
represent whether they have cooperated and the semantic information
stands for the quality of the cooperation.
In addition, in order to apply this algorithm to our framework, we
adopt a matrix factorization based PTE model as [46] proved that the
algorithm can be uniﬁed into a matrix factorization framework with
closed forms. Eq. (3) shows the matrix that implicitly approximates PTE
in our scenario.
)
(
)
(
⎛⎡𝛼vol(𝐆 ) 𝐌 −1 𝐒 𝐌 −1 ⎤⎞
𝑖
𝑖𝑟𝑜𝑤
𝑖
𝑖𝑐𝑜𝑙
⎜⎢
⎥⎟
𝐗𝑖 = log ⎜⎢
(3)
)−1
(
)−1 ⎥⎟ − log 𝑏
(
(
)




⎜⎢ 𝛽vol 𝐆
⎥⎟
𝐒
𝐌
𝐌
𝑖
𝑖𝑟𝑜𝑤
𝑖
𝑖𝑐𝑜𝑙
⎦⎠
⎝⎣

4.2.4. Local smoothness module
It is reasonable that the state of a participant who participates in
new movies from the former snapshot to the latter should be changed.
In contrast, for the rest of the participants, their state should be as stable as possible. Hence, this module aims to penalize disagreements for
these participants. Supplemented by the local temporal knowledge, the
embedding is able to become more reasonable. Following this idea, for
two arbitrary adjacent tasks, the module is formulated as:
(
(
)‖
)‖
‖
‖
𝑑𝑦𝑛𝑎𝑚𝑖𝑐
= ‖𝐈
⊙ 𝐀𝑖 − 𝐀𝑖−1 ‖2𝐹 + ‖𝐈
⊙ 𝐃𝑖 − 𝐃𝑖−1 ‖2𝐹
𝑙𝑜𝑐𝑎𝑙(𝑖)
‖
‖
‖𝑖
‖𝑖
(
)‖
‖
+ ‖𝐈𝑖 ⊙ 𝐂𝑖 − 𝐂𝑖−1 ‖2𝐹
‖
‖

(𝑖)

adjacent tasks.
Note that, by means of the two dynamic modules, our framework
can be seen as a multi-task model. Speciﬁcally, according to [71], multitask learning is to learn these related tasks simultaneously by extracting
and utilizing appropriate shared information across tasks. By leveraging the global correlation module and the local smoothness module, an
embedding coordinate cross all snapshots is constructed, projecting participants from all snapshots into a uniﬁed latent space. Therefore, the
two modules make our model essentially follow a multi-task learning
paradigm. That is, we can treat each snapshot as a task and regard the
coordinate as the shared information across tasks. By learning all these
tasks simultaneously, we can better capture the cooperation relationship
of participants as the utilization of the temporal knowledge between
tasks.

(𝑗𝑘)

As Eq. (3) is computationally complex, following Yang et al. [69], we
factorize the matrix 𝐗̂ 𝑖 shown in Eq. (4) instead of Xi . This is because Xi
has much more non-zero entries than 𝐗̂ 𝑖 and the complexity of matrix
factorization is proportional to the number of non-zero entries.
)
(
)
(
⎡𝛼vol(𝐆 ) 𝐌 −1 𝐒 𝐌 −1 ⎤
𝑖
𝑖𝑟𝑜𝑤
𝑖
𝑖𝑐𝑜𝑙
⎢
⎥
𝐗̂ 𝑖 = ⎢
(4)
)−1
(
)−1 ⎥
(


⎢ 𝛽vol(𝐆 ) 𝐌
⎥
𝐒
𝐌
𝑖
𝑖
𝑖
𝑖
⎣
⎦
𝑐𝑜𝑙

With this information in hand, we then formalize the static module
for a single task as:
[
]
𝑠𝑡𝑎𝑡𝑖𝑐
= ‖𝐗̂ 𝑖 − 𝐃𝑖 , 𝐂𝑖 T 𝐀𝑖 ‖2𝐹
(5)
(𝑖)
where ‖⋅‖2𝐹 denotes the Frobenius norm. By means of this, we encode
the cooperation information of participants into their embeddings under
a collective environment.
∑
As a result, 𝑠𝑡𝑎𝑡𝑖𝑐 = 𝑡𝑖=1 𝑠𝑡𝑎𝑡𝑖𝑐
for all tasks.
(𝑖)

4.2.5. Model inference
By combining all the aforementioned three modules, the objective of
MINE in Eq. (2) can be formulated as Eq. (8), where   ,   , and   are
three sets of identity matrices, e.g.,   = {𝐈
, 𝐈
, … , 𝐈
𝑡 }. 𝛿, 𝜇, 𝜖, 𝜏, and
2
3
𝜌 are hyper-parameters. The ﬁrst three components are the three modules above, respectively. The subsequent component is to prevent our
embedding overﬁtting by the L2 penalty. Note that the next component
is the L1 penalty for these sparse representations and the global bases
are subjected to a small constant to ensure the eﬀectiveness of the L1
penalty.

4.2.3. Global correlation module
A basic assumption of this module is that participants of the same
type should have common characteristics. For instance, there may be a
template for actors that includes their performance skills. An arbitrary
actor is thus a combination of these skills from the template. Knowing the template can assist us in obtaining a more accurate embedding.
Inspired by the sparse coding technology [70], the module intends to
uncover type-based high-level latent features by a global dictionary (or
base) overall tasks.
Thus, we model this module on task i as:
′‖
′‖
′‖
‖
‖
‖
𝑑𝑦𝑛𝑎𝑚𝑖𝑐
= ‖𝐀𝑖 − 𝐁 𝐀𝑖 ‖2𝐹 + ‖𝐃𝑖 − 𝐁 𝐃𝑖 ‖2𝐹 + ‖𝐂𝑖 − 𝐁 𝐂𝑖 ‖2𝐹
𝑔𝑙𝑜𝑏𝑎𝑙(𝑖)
‖
‖
‖
‖
‖
‖

(7)



where ⊙ denotes the Hadamard product. 𝐈
𝑖 , 𝐈𝑖 , and 𝐈𝑖 are identity
matrices, indicating if a participant does not produce new movies in the
snapshot, e.g., 𝐈
= 1, if actor j cast a new movie from snapshot 𝑖 − 1
𝑖(𝑗)
∑
to i; 𝐈
=
0
,
otherwise.
As a result, 𝑑𝑦𝑛𝑎𝑚𝑖𝑐
= 𝑡𝑖=2 𝑑𝑦𝑛𝑎𝑚𝑖𝑐
for any two
𝑙𝑜𝑐𝑎𝑙
𝑙𝑜𝑐𝑎𝑙
𝑖(𝑗)

Take bipartite graph 𝐆
as an example, we use 𝐒
∈ ℝ||×|| to de𝑖
𝑖


note its adjacency matrix, and use 𝐌𝑖
and 𝐌𝑖
to denote its di𝑟𝑜𝑤
𝑐𝑜𝑙
agonal matrices with row and column sum, respectively. In addition,
∑
∑

vol(𝐆
is the volume of graph 𝐆
𝑗
𝑘 𝐒𝑖
𝑖 )=
𝑖 .

𝑟𝑜𝑤

(𝑖)

all tasks.

(
)
 ,   ,   ,   , 𝛿, 𝜇, 𝜖, 𝜏, 𝜌
=

+

(6)
30

𝑡
[
]
1 ∑‖ ̂
‖
‖𝐗 − 𝐃𝑖 , 𝐂𝑖 T 𝐀𝑖 ‖2𝐹
‖
2 𝑖=1 ‖ 𝑖
𝑡 (
)
′‖
′‖
′‖
𝛿∑ ‖
‖
‖
‖𝐀 − 𝐁 𝐀𝑖 ‖2𝐹 + ‖𝐃𝑖 − 𝐁 𝐃𝑖 ‖2𝐹 + ‖𝐂𝑖 − 𝐁 𝐂𝑖 ‖2𝐹
‖
‖
‖
‖
‖
2 𝑖=1 ‖ 𝑖
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𝑡
)‖
)‖
)‖ )
(
(
𝜇 ∑ (‖  (
‖
‖
⊙ 𝐃𝑖 − 𝐃𝑖−1 ‖2𝐹 + ‖𝐈𝑖 ⊙ 𝐂𝑖 − 𝐂𝑖−1 ‖2𝐹
‖𝐈 ⊙ 𝐀𝑖 − 𝐀𝑖−1 ‖2𝐹 + ‖𝐈
‖𝑖
‖
‖
‖
‖
2 𝑖=2 ‖ 𝑖

Table 2
Notations used in the visual embedding section.

𝑡
𝜖 ∑ (‖ ‖2 ‖ ‖2 ‖ ‖2 )
+ 𝐃
+ 𝐂
𝐀
2 𝑖=1 ‖ 𝑖 ‖𝐹 ‖ 𝑖 ‖𝐹 ‖ 𝑖 ‖𝐹
(
)
𝑡


∑
∑‖ ′ ‖
∑
∑
‖ ′ ‖
‖ ′ ‖
+𝜏
‖𝐚𝑖(𝑗) ‖1 +
‖𝐝𝑖(𝑗) ‖1 +
‖𝐜𝑖(𝑗) ‖1
‖
‖
‖
‖
‖
‖

+

𝑖=1

𝑠.𝑡.

𝑗=0

𝑗=0

𝑗=0

∑ ( )2
∑ ( )2
∑ ( )2
𝐁 𝑗,𝑘 ≤ 𝜌,
𝐁 𝑗,𝑘 ≤ 𝜌,
𝐁 𝑗,𝑘 ≤ 𝜌; ∀𝑘 = 1, … , 𝑛
𝑗

𝑗

3
4

5

6

7
8

K
 𝑖 = {𝐊𝑖1 , 𝐊𝑖2 , … , 𝐊𝑖𝑙 }
𝐦𝑖 ∈ ℝ𝑙
𝐱 𝑖 ∈ ℝ𝑛

a
a
a
a

keyframe (image)
trailer i containing l keyframes
l-dimension middle-level embeddings of trailer i
n-dimension high-level embeddings of trailer i

(8)
Deﬁnition 2 Trailer Embedding Problem. Given t trailers,
{1 , 2 , … , 𝑡 }, the task is to learn the n-dimensional latent embeddings {𝐱1 , 𝐱2 , … , 𝐱𝑡 } with high-level knowledge about the shooting
factor.
5.2. Intuition of our method
We have identiﬁed two key challenges to tackle the problem,
which motivate a two-stage network conﬁguration design, as shown
in Fig. 4(a). Speciﬁcally, processing raw trailers is computationally demanding since each video contains numerous frames. Meanwhile, we
do not have enough training data (i.e., trailers) for this task. With the
help of extensive data in the image and video domain, we ﬁrst train
a network designed for a video classiﬁcation task [55], using stacked
Convolutional Neural Networks (CNNs) [51,73] and Long-Short Term
Memory networks (LSTMs) [74,75]. Then, we ﬁx the network, entitled
the trailer embedding extraction network, and feed raw trailers to the
network to gain compact trailer embeddings. These embeddings about
appearance and motion features can be seen as middle-level embeddings for trailers. Therefore, in order to further learn high-level features
about the shooting factor (shooting quality and even plotline) over the
middle-level features, a pairwise Siamese network [76] is learned by
comparing two ratings of the two trailers’ original movie. Our ratings
are scored by audiences according to the picture quality and plotline
of a movie and regardless of its shooting styles, capable of impacting
movies’ BOR [8,25,26,31]. Thus, to capture high-level features about
the shooting quality and even plotline from the shooting styles (i.e.,
the middle-level knowledge), we propose to use the information to supervise the network. Notably, the network best suits our scenario where
training data are limited [76]. Therefore, we address the two challenges
above and obtain a concise vector with high-level knowledge for each
trailer (i.e., the dense vector of the last fully connected layer, e.g., “FC3”
in Fig. 4(a)).

Algorithm 1: Inference algorithm for the MINE model.

2

Descriptions

𝑗

In general, the objective function is not jointly convex to all the
variables but is convex for every single variable. Thus, we separate
the optimization to several subproblems and utilize the block coordinate descent approach [72] to solve this problem. Namely, we iteratively update the values of one set of the variable while ﬁxing the values of others until convergence. The inference algorithm is presented in
Algorithm 1. Speciﬁcally, A, D or C can be easily optimized by gradient
descent. In addition, when solving the bases B, the problem is actually
an L2-constrained least squares problem, so we adopt the well-known
Lagrange dual algorithm [70] to address it in each round. Optimizing
′
′
′
the sparse representation, i.e., 𝐀 , 𝐃 , and 𝐂 , is a typical L1-regularized
least squares problem. An eﬃcient algorithm is used to tackle the problem in each iteration, denoted as the feature-sign search algorithm [70].

1

Notations

Set
: ,   ,   ,   , 𝛿, 𝜇, 𝜖, 𝜏, 𝜌, 𝜓
Initiate: Initiate {𝐀1 , 𝐀2 , …, 𝐀𝑡 }, {𝐃1 , 𝐃2 , …, 𝐃𝑡 },
′
′
′
{𝐂1 , 𝐂2 , …, 𝐂𝑡 }, 𝐁 , 𝐁 , 𝐁 , {𝐀1 , 𝐀2 , …, 𝐀𝑡 },
′
′
′
′
′
′
{𝐃1 , 𝐃2 , …, 𝐃𝑡 }, and {𝐂1 , 𝐂2 , …, 𝐂𝑡 } with small
random values
Let 𝑖 ∶= 1
do
for snapshot 𝑖 do
Update 𝐀𝑖 , 𝐃𝑖 , and 𝐂𝑖 based on gradient descent,
respectively
′
′
′
Update 𝐀𝑖 , 𝐃𝑖 , and 𝐂𝑖 based on the feature-sign
search algorithm, respectively
Update 𝐁 , 𝐁 , and 𝐁 based on the Lagrange dual
algorithm, respectively
𝑖=𝑖+1
until |𝐿𝑜𝑠𝑠𝑔 − 𝐿𝑜𝑠𝑠𝑔+1 | > 𝜓
Return : embeddings {𝐀1 , 𝐀2 , …, 𝐀𝑡 }, {𝐃1 , 𝐃2 , …, 𝐃𝑡 },
{𝐂1 , 𝐂2 , …, 𝐂𝑡 }

5.3. Training and inference
As illustrated in Fig. 4(b), we ﬁrst feed a trailer  𝑖 to the trailer embedding extraction network. Features of keyframes are extracted by a
weight shared CNN network, i.e. GoogLeNet [77], which the network
is simple and with distinguished feature diversity characteristics. Then
the frame-level information is combined, using the LSTM units, allowing the discovery of long-range temporal relationships. Following an
LSTM layer, a Softmax classiﬁer makes a classiﬁcation at every frame
in the original task. We obtain mi by an element-wise multiplication
among each hidden state 𝐡𝑖𝑗 of the corresponding jth LSTM unit as the
middle-level trailer embedding. The element-wise multiplication (a.k.a.
Hadamard-Product) is a useful knowledge fusion operation [78,79]. In
contrast to taking an average of multiple vectors (the most common fusion operation), the element-wise multiplication can make feature selection to some extent. Namely, it can amplify the redundant information. In our scenario, diﬀerent keyframes bring much information.
However, for a trailer, useful knowledge should be the information that
often appears in pictures, e.g., symbols, colors, and characters. Consequently, we use the element-wise multiplication to identify such information. Note that the GoogLeNet is initialized from a pre-trained ImageNet [51] model and then can be ﬁne-tuned over a large video dataset,
such as UCF-101 [80]. Speciﬁcally, we can add two dense layers over the

Computational complexity. Here, we analyze the complexity of
MINE. According to the above updating rules, for a static snapshot, the
time complexity is roughly 𝑂(𝑚𝑛) + 𝑂(𝑛𝑠) + 𝑂(𝑚𝑘) per vector, where s is
the “sparsity” of the encoding (number of non-zero entries) and k is the
average number of edges in the network. As a result, the eﬃciency of
the dynamic model is about 𝑂(𝑡𝑛(𝑚𝑛 + 𝑛𝑠 + 𝑚𝑘)), where t is the number
of snapshots and n is the number of nodes in a network.
5. Visual embedding model
In order to extract knowledge about the movie shooting, we design
an emerging network conﬁguration. In this section, we ﬁrst introduce
the trailer embedding problem. Then, the main idea of designing the
network is described. Finally, we illustrate how to train the network.
5.1. Preliminaries
Table 2 lists frequently-used notations in this section.
31
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Fig. 4. The trailer embedding model.

trailer embedding extraction network, which becomes an eﬀective network structure for visual recognition, as presented in [54]. Concretely,
the last dense layer has 101 dimensions, providing the action classiﬁcation results w.r.t. the 101 categories. In addition, the other dense layer
with 256 dimensions is used to bridge the trailer embedding extraction
network and the output layer. Based on the structure, we can ﬁne-tune
parameters of the trailer embedding extraction network (including these
GoogLeNets) by the supervised visual recognition task using UCF-101
data. Through the way, we can leverage the existing big data to alleviate the issue that we do not have enough trailers to train a monolithic
architecture end-to-end.
The Siamese network is a weight shared pairwise paradigm. We feed
the learned trailer embedding into the network in pairs. The network
maps each input middle-level embedding mi to a high-level xi . The two
outputs of the model are mapped to a learned probability that rating
of trailer i should be higher than that of trailer j via the Sigmoid func𝑖
𝑗
tion, i.e., 𝑝𝑖𝑗 = 1∕(1 + exp−(𝐱 −𝐱 ) ). We then apply the cross-entropy cost
function, which penalizes the deviation of the model output probabilities from the desired probabilities. Let 𝑝̄𝑖𝑗 be the known probability that
the rating of trailer i should be higher than that of trailer j (Suppose 𝑟̄𝑖
and 𝑟̄𝑗 are the ratings of trailers i and j respectively. The groundtruth 𝑝̄𝑖𝑗
𝑖

to learn a model. Then, it can be used to obtain predicted BOR val𝑡𝑒 𝑡𝑒
𝑡𝑒
̂ 𝑡𝑒
ues ̂ 𝑡𝑒 = {𝑦̂𝑡𝑒
, 𝑦̂𝑡𝑒
, … , 𝑦̂𝑡𝑒
𝑛 } and predicted ranking  = {𝑟̂1 , 𝑟̂2 , … , 𝑟̂𝑛 },
1
2
given n testing movies 𝑡𝑒 = {𝐳1𝑡𝑒 , 𝐳2𝑡𝑒 , … , 𝐳𝑛𝑡𝑒 }.
In addition, a linear predictor is denoted as f() projecting zi to be
close to the yi . Namely, 𝑓 (𝐳𝑖 ; 𝐰) = 𝐰𝑇 𝐳𝑖 + 𝜖𝑖 where 𝜖 i is a zero-mean
Gaussian bias with variance 𝜎 2 and w is the weights of the vector. For
simplicity, we denote f(zi ; w) as fi . Note that, the predictor can be rewritten as 𝑃 (𝑦𝑖 |𝐳𝑖 ) =  (𝑦𝑖 |𝑓𝑖 , 𝜎 2 ) =  (𝑦𝑖 |𝐰𝑇 𝐳𝑖 , 𝜎 2 ) from a Bayesian perspective, where  represents the normal distribution.
6.2. Model details
In this paper, we propose using a prediction and ranking model,
which combines a linear prediction objective, a pairwise ranking objective, and a sparsity regularizer in a uniﬁed probabilistic paradigm.
Here, we detail how to train the model. Speciﬁcally:
Given 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 , by Bayesian inference, we have the posterior probability of the model as:
𝑃 𝑟(Ψ, , Ω) = 𝑃 (|Ψ, Ω)𝑃 (Ψ|Ω)

(10)

{𝐯, 𝛽 2 }

{𝑎, 𝑏, 𝜎 2 }

where Ψ =
denotes parameters of the model. Ω =
are
hyper-parameters of the sparsity regularization.  = { 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 , 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 }
represents the observed data.
The ﬁrst term 𝑃 (|Ψ, Ω) is the likelihood of the observed data D, i.e.
the predictor and the ranker. It can be explained as:

𝑗

is also calculated by the Sigmoid function, i.e., 𝑝̄𝑖𝑗 = 1∕(1 + exp−(𝑟̄ −𝑟̄ ) )).
Then the cost function is:
(
)
(
)
𝑆𝑖𝑎𝑚𝑒𝑠𝑒 = −𝑝̄𝑖𝑗 log 𝑝𝑖𝑗 − 1 − 𝑝̄𝑖𝑗 log 1 − 𝑝𝑖𝑗
(9)

The stochastic gradient descent algorithm is utilized to update the parameters of the network. More details about the network can be found in
[81], which employs the Siamese paradigm for a ranking task, denoted
as RankNet.

𝑃 (|Ψ, Ω) = 𝑃 (𝑌 |Ψ, Ω)𝑃 (Π|Ψ, Ω)
=

𝑚
∏
𝑖=1

−1 ∏
𝑚
(
) 𝑚∏
 𝑦𝑖 |𝑓𝑖 , 𝜎 2
𝑃 (𝑖 → ℎ|Ψ, Ω)

(11)

𝑖=1 ℎ=𝑖+1

where P(Y|Ψ, Ω) is the linear predictor. P(Π|Ψ, Ω) minimizes the ranking
of movie mi compared with each movie in the training set, in which
i → h deﬁnes movie mi is ranked higher than movie mh measured by the
Sigmoid function 𝑃 (𝑖 → ℎ) = 1∕(1 + exp−(𝑓𝑖 −𝑓ℎ ) ). As a result, we optimize
the prediction and ranking objectives simultaneously by this term in a
mutually enhanced manner.
The last term P(Ψ|Ω) is a sparse weight prior distribution to conduct
the feature selection and avoiding overﬁtting:

6. Prediction and ranking model
In this section, we introduce the prediction and ranking model,
which uncovers the BOR of movies using the movie feature vectors.
6.1. Preliminaries
Through the feature extraction stage, we can obtain a feature vector
for each movie, including casting features, shooting features, screenwriting features, and handcrafted features about distribution factors. Mathematically, let 𝐳𝑖 ∈ ℝ𝑑 denote a d-dimension feature vector of movie mi .
yi and 𝑦̂𝑖 represents real and predicted BOR value of mi , respectively,
while ri and 𝑟̂𝑖 represents real and predicted ranking of mi in a set of
movies, respectively.

𝑚
𝑚
(
) (
) ∏
(
)∏
𝑃 (Ψ|Ω) = 𝑃 𝐯|0, 𝛽 2 𝑃 𝛽 2 |𝑎, 𝑏 =
 𝑣𝑖 |0, 𝛽 2
(𝛽𝑖2 |𝑎, 𝑏)
𝑖=1

(12)

𝑖=1

where 𝛽 2 is a separate variance parameter vector for v,  stands for
the Inverse Gamma distribution that is a prior distribution for the 𝛽 2 .
Among that, the a and b are constants and usually set close to zero. It
enforces sparse representations during learning by setting some feature
weights to zero.
The model can be easily optimized by a stochastic gradient descent
algorithm. For more details about optimization, please refer to [68].

Deﬁnition 3 (BOR Prediction and Ranking Problem). The task is to
𝑡𝑟 }, real
train a model with movie feature vectors 𝑡𝑟 = {𝐳1𝑡𝑟 , 𝐳2𝑡𝑟 , … , 𝐳𝑚
𝑡𝑟 , … , 𝑦𝑡𝑟 }, and rankings 𝑡𝑟 = {𝑟𝑡𝑟 , 𝑟𝑡𝑟 , … , 𝑟𝑡𝑟 },
BOR values  𝑡𝑟 = {𝑦𝑡𝑟
,
𝑦
𝑛
𝑚
1
2
1 2
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̂ 𝑡𝑒 when
Having the trained model, we can leverage it to obtain ̂ 𝑡𝑒 and 
given 𝑡𝑒 .

•

7. Results and discussion
7.1. Settings

•

7.1.1. Dataset
As introduced, to evaluate our solution, we collected a set of comprehensive movie data about the Chinese ﬁlm market from Mtime.com,1 a
Chinese version of IMDb.2
Speciﬁcally, since the Chinese ﬁlm market was established in 2008,
we collected about 2500 movies from 2008 to 2017, including domestic
and Hollywood movies released in the market with their BORs and data
about the aforementioned inﬂuential factors. Moreover, to facilitate the
feature learning tasks, we also supplement the following data:
•

•

•

𝑡

•

•

•

2

A large movie participant database is built to have a real community of participants. Speciﬁcally, the database contains about
21,000 movie and TV entries, around 1,000,000 people entries
who are actors and directors, and 85,000 company entries.
Besides trailers of the 2500 movies, we collect about 2000 additional trailers. Note that we have ratings for all these movies,
which were rated by Chinese audiences. In order to assist in learning these trailers, we draw support from a well-known large-scale
video dataset UCF-101 [80].
In addition to story abstracts of the 2500 movies, we gather another 50,000 story abstracts for training the BTM model.

7.2. Training and testing data splits
In order to have more data for the feature extraction, we use movies
released from 2015 to 2017 for prediction and use the rest of the data
to learn the feature learning models. In this section, we show how to
divide the training and testing data from the movies of 2015 to 2017
for the prediction and ranking model.
First, we demonstrate the BOR distribution of movies from 2015 to
2017 in Fig. 5(a). It is a long-tail distribution, the imbalance of which increases the diﬃculty of making predictions [82]. Considering the practicality, we should pay more focus on movies with higher BOR. Motivated
by this and in order to alleviate the imbalance, we select 466 movies
from the 1st quarter (Q1) of 2015 to the 3rd quarter (Q3) of 2017 as
our training and testing data, belonging to six BOR ranges as evenly
as possible, as reported in Table 3. Note that except for the ﬁrst value
range ( < 1.5M$) where eight movies of each quarter are randomly sampled from a large number of movies with low BOR value, the number of
movies of other value ranges is the actual number of released movies in
the corresponding time range.
Then we attempt to divide training and testing data from the 466
movies. Firstly, we use a quarter of movies as the testing set. Thus, the
problem becomes how to determine a proper time range before the testing quarter where movies released in the range are our training data.
To this end, a classiﬁcation experiment in terms of the six BOR classes
is designed, in which we use diﬀerent periods of training data as listed
in Table 4. Concretely, these training sets vary data from one quarter to
eight quarters. For each training set, we use it to learn one-vs-rest logistic regression models. Results in terms of Acc according to each classiﬁer
are depicted in Fig. 5(b).
Results. As seen, classiﬁers trained by the 3rd, 4th, and 5th training sets can obtain better results. Thus, we select the length of the 4th
training set (namely ﬁve quarters) to be the training data period hereafter. With this in hand, we employ a sliding window-based method to
generate training and testing sets for subsequent experiments where the
window size is six quarters (the ﬁrst ﬁve quarters belong to a training set
and movies in the last one quarter form the testing set), and the sliding
step is set to one quarter. As a result, six sets are generated as reported
in Table 5.

MINE. We train two models for domestic and Hollywood movies
respectively since they belong to two disclosed communities. The
step between snapshots is set to one quarter. Embeddings in a
snapshot are employed to generate the movie’s participant features in the next snapshot. In addition, we use the mode of embedding and inner production between two embeddings (except the
inner production between directors and companies, as they have
no frequent cooperation patterns) to be our features, denoting
their own and cooperation values. Note that we select three actors, one director, and two companies as participants for a movie
(We will explain the reason and validate in Section 7.3). As a
result, we have 19 dimensions of casting features for each movie.
Deep network. We set the dimension of output embedding, i.e.,
“FC3”, for the Siamese network as 16. Therefore, the shooting
feature of a movie consists of 16 dimensions. (Other settings of
the deep network will be determined by experiments, as shown
in Section 7.3)
BTM model. The story abstracts are in Chinese. We ﬁrst handle
these Chinese sentences, the string of characters without spaces,
to word segmentation by using a wild open tool named Jieba.3
We set the topic number to 20 for the BTM model. Thus, the
screenwriting feature of a movie contains 20 dimensions.

For a movie, we concatenate the three features above with another
26 hand-crafted features about the distribution factor. As a consequence,
the movie’s feature vector has 81 dimensions in total.
7.1.3. Metric
The following metrics are used to measure results in our experiments:
1
2
3

and predicted real value, respectively, and n is the total number
of testing movies. The smaller the MAPE value, the higher the
prediction accuracy.
NDCG (Normalized Discounted Cumulative Gain).
Firstly, the discounted cumulative gain (DCG) is given by:
𝑟1 , 𝑖𝑓 𝑛 = 1
𝑟
𝐷𝐶𝐺@𝑛 = {
.where r is the pre𝑁𝐶𝐺@(𝑛 − 1) + 𝑙𝑜𝑔𝑛 𝑛 , 𝑖𝑓 𝑛 ≥ 2
dicted ranking number. Later, given the ideal discounted cumu′
lative gain 𝐷𝐶𝐺 @𝑛, NDCG@n can be computed as 𝑁𝐷𝐶𝐺@𝑛 =
′
𝐷𝐶𝐺@𝑛∕𝐷𝐶𝐺 @𝑛. The larger the NDCG@n, the higher the top
n ranking accuracy

7.1.2. Conﬁguration
Features extracted by these feature learning models are conﬁgured
as follows.
•

Acc (Accuracy). This metric is used to measure the performance of classiﬁcation tasks. 𝐴𝑐𝑐 = (𝑇 𝑃 + 𝑇 𝑁)∕(𝑇 𝑃 + 𝐹 𝑃 +
𝑇 𝑁 + 𝐹 𝑁), where TP, TN, FP, and FN are the number of true
positives, false positives, true negatives, and false negatives respectively. The higher the Acc value, the higher the classiﬁcation
accuracy.
MAPE (Mean Absolute Percentage Error). 𝑀𝐴𝑃 𝐸 =
𝑦𝑡 −𝑦̄𝑡
100% ∑𝑛
𝑡=1 | 𝑦 |, where yt and 𝑦̄ 𝑡 are the real BOR value
𝑇

7.3. Parameter selection
In this section, we employ the classiﬁcation task to determine appropriate parameters for the proposed models, i.e., MINE and the deep
network. In each model, we ﬁrstly adjust one parameter with other parameters ﬁxed by default to obtain diﬀerent embeddings. Then, we use

http://www.mtime.com/ .
https://www.imdb.com/ .
https://github.com/fxsjy/jieba.
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Fig. 5. (a) BOR value distribution for 2015–2017; (b)
ACC results of each Training & Testing set.

Table 3
Movie distribution w.r.t BOR ranges and quarters (Q: quarter).
NO.

Time Range

1.5 <

1.5-4.6

4.6–12.3

12.3–46.2

46.2–153.8

> 153.8

Tot.

1
2
3
4
5
6
7
8
9
10
11
Tot.

15Q1
15Q2
15Q3
15Q4
16Q1
16Q2
16Q3
16Q4
17Q1
17Q2
17Q3
15Q1-17Q3

8
8
8
8
8
8
8
8
8
8
8
88

9
12
10
8
10
2
6
10
4
14
2
87

6
4
10
11
8
6
9
10
3
11
7
85

8
6
5
10
7
10
12
9
8
9
9
93

10
6
9
8
4
9
10
8
7
5
13
89

0
3
4
1
3
2
2
1
3
3
2
24

41
39
46
46
40
37
47
46
33
50
41
466

Table 4
Training and testing sets for validating the periods of training data.
Testing

Training Set [# (periods)]

set

1(8Q)

2(7Q)

3(6Q)

4(5Q)

17Q1
17Q2
17Q3

15Q1-16Q4
15Q2-17Q1
15Q3-17Q2
5(4Q)
16Q1-16Q4
16Q2-17Q1
16Q3-17Q2

15Q2-16Q4
15Q3-17Q1
15Q4-17Q2
6(3Q)
16Q2-16Q4
16Q3-17Q1
16Q4-17Q2

15Q3-16Q4
15Q4-17Q1
16Q1-17Q2
7(2Q)
16Q3-16Q4
16Q4-17Q1
17Q1-17Q2

15Q4-16Q4
16Q1-17Q1
16Q2-17Q2
8(1Q)
16Q4
17Q1
17Q2

17Q1
17Q2
17Q3

The number of participants (1) According to Nelson and Glotfelty [83],
many studies focused on the presence of a single star fail to account
for the possible synergy of multi-actors and lead to overestimates of the
impact of a single star on the BOR. Thus, we consider three actors in our
model by following the setting of Nelson and Glotfelty [83]. To validate
it, we conduct an experiment by choosing the number of actors from 1
to 4. The result is illustrated in Fig. 6(a), showing that the model with
multiple actors is better than that of employing a single actor. Based on
the result, we select to consider three actors for our MINE ﬁnally.
(2) In general, there is only one director for each ﬁlm. Moreover, we
use our data to verify this common sense. About 87% movies have only
one director in our dataset. Therefore, we only select a director for each
movie.
(3) Initially, domain knowledge motivate us to select two production
companies for a movie. Speciﬁcally, there are usually two companies
to cooperate in producing a movie, including a larger company that is
responsible for overall planning and a smaller company that is in charge
of speciﬁc implementations. Take Iron Man as an example, Paramount
Pictures is the larger company, and Marvel Studios Inc. is the smaller
company. In addition, we also conduct an experiment to validate the
selection, in which we choose the number of companies from 1 to 4. As
shown in Fig. 6(b), the result supports the knowledge. As a result, we
set the number of companies as 2.
The dimension of embeddings As shown in Fig. 6(c) and (d), we obtain
the classiﬁcation results with m ∈ {32, 64, 128, 256} and n ∈ {16, 32,
64, 128} respectively. With fewer dimensions, performances of embeddings are limited as less information is captured. While having higher
dimensions, the diﬃculty of training will increase to deteriorate the performance. Therefore, we select appropriate dimensions accordingly, i.e.,
𝑚 = 128 and 𝑛 = 32.

Table 5
Training and testing sets for subsequent experiments.
No.

Training set

Testing set

NO.

Training set

Testing set

I
II
III

15Q1-16Q1
15Q2-16Q2
15Q3-16Q3

16Q2
16Q3
16Q4

IV
V
VI

15Q4-16Q4
16Q1-17Q1
16Q2-17Q2

17Q1
17Q2
17Q3

features generated by these embeddings to train diﬀerent one-vs-rest logistic regression models for the six classes of BOR. At last, we select the
model with the best accuracy score and make the parameter of the model
be our parameter. We adopt datasets of I, II, and III in the experiment.

7.3.1. Parameter selection of MINE
We ﬁrstly provide the default settings hereafter: the number of actors
is set as 3, the number of directors equals to 1, and the number of production companies is 2. The embedding dimension m=32, the sparse embedding n=128; the coeﬃcients 𝛿 = 𝜖 = 𝜏 = 1, 𝜇 = 𝜌 = 10. Among them,
as we treat each component of our model having the same eﬀect, the
coeﬃcients are determined based on the scale of each component. Thus,
in this section, we focus on discussing the settings of the number of participants and the dimension of embeddings.

7.3.2. Parameter selection of the deep network
Firstly, the default settings of the deep network are listed hereafter.
We extract sixty keyframes for each trailer. Based on the setting of
GoogLeNet [77], the output dimensions of the GoogLeNet are 1000.
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Fig. 6. Results of parameter selections.

Results. The results in terms of the Acc for the six-class classiﬁcation
problem are presented in Table 6. Overall, using MINE outperforms all
the baselines. Speciﬁcally:

Next, an LSTM layer follows, each of which has 512 memory cells. Then,
for the Siamese network, we set dimensions of layers “FC1”, “FC2”, and
“FC3” to 128, 64, and 16, respectively. In addition to the pre-determined
parameters, i.e., the dimension of output embedding of GoogLeNet and
“FC3”, these other parameters are selected based on the corresponding
experimental results, as depicted in Fig. 6(e), (f), (g), and (h).

(1) MINE is better than the hand-crafted features, showing that features uncovered in a collective environment are more useful than
independent individual ones since a movie is produced by the cooperation of diﬀerent participants.
(2) MINE outperforms the M1 and M2. First, results of M1 reveal
that the semantic and structural information is preserved so as to
direct this discriminative task. Second, the fact that M2 performs
better than M1 and that MINE further improves upon M2 both
indicate that the shared learning space can support capturing the
cooperation information.
(3) MINE outperforms Mp2v, which itself performs better than LINE
in the heterogeneous task. With the help of the shared learning
space, the gain obtained by MINE over Mp2v is up to 4–25%.
(4) MINE outperforms TRIP and DHPE signiﬁcantly. This is because
both the two dynamic methods are designed for homogeneous
networks, and are thus incapable of modeling the cooperation on
such a complex heterogeneous environment.

7.4. Eﬀectiveness of features
In this section, we also use the classiﬁcation task to evaluate the
eﬀectiveness of these learned features for each inﬂuential factor quantitatively. More speciﬁcally, we use diﬀerent features to train a one-vsrest logistic regression for the six classes of BOR and use the Acc score to
evaluate the results. In addition, we provide case studies to demonstrate
the knowledge encoded in each kind of feature visually.
7.4.1. Eﬀectiveness of casting features
Settings. We evaluate the eﬀectiveness of feature (Fn ) obtained by
embeddings of our MINE by comparing it with the hand-crafted features
′
(𝐹𝑛 ) of participants [8,25–27] and the features generated by embeddings
learned from the following three groups of state-of-the-art methods.

7.4.2. Eﬀectiveness of shooting features
Settings. We evaluate eﬀectiveness of shooting features obtained by
our deep network by comparing it with two kinds of lower-level features
and conventional hand-crafted features.

(1) Features obtained by two static network-based embedding methods:
• F
LINE [34]: LINE encodes the 2nd- order of node proximity
for static homogeneous networks;
• F
Metapath2vec [39]: meta path random walk-based method
based on static HINs;
(2) Features obtained by two incrementally updated-based dynamic
network embedding models, which are based on homogeneous
networks:
• F
TRIP [48]: TRIP is an online algorithm to track the eigen
functions of a dynamic graph, which preserves the ﬁrstorder proximity between nodes;
• F
DHPE [50]: DHPE is a high-order proximity preserving dynamic network embedding method.
(3) Features obtained by two variants of MINE:
• F
M1 : M1 is only the static module of MINE;
• F
M2 : M2 is M1 with the global correlation module;

•
•

•

•

′

𝐹𝑣 : hand-crafted features extracted from trailers [5,6,28];
Fl : low-level feature vector, i.e., element-wise multiplication
among the GoogLeNet output of each keyframe;
Fm : middle-level feature vector, i.e., the output of the trailer embedding extraction network;
Fv : high-level feature vector, i.e., our shooting feature vector;

Results. The results in terms of the Acc for the six-class classiﬁcation
problem are presented in Table 7. Speciﬁcally, our visual feature vector
performs better than hand-crafted features. In addition, with increasing
depth of learning (i.e., from Fl to Fm , and further to Fv ), the accuracy increases gradually, which demonstrates the eﬀectiveness of our learning
architecture.
7.4.3. Eﬀectiveness of feature combinations
In addition to the above two kinds of features, we also use a topic
model to extract knowledge from the textual data and design several
hand-crafted features from the distribution data. In this section, we
ﬁrstly evaluate the eﬀectiveness of the two kinds of features. Then, we
show the performances of combinations of these features, including the
learned features and conventional features. Note that as the methods
of feature learning from the textual and distribution data are similar to

Notably MINE is M2 with the local smoothness module, and we retain the setting of MINE for its variants. The embedding dimension of
these embedding learning methods is also 32; the number of walks per
node is 200; the walk length is 50; the neighborhood size is 5, and the
size of the negative samples is 3. Other parameters of the baselines are
set by grid search. The process of each of the following tasks is repeated
10 times, and the average results are reported.
35

Z. Wang, J. Zhang and S. Ji et al.

Information Fusion 60 (2020) 25–40

Table 6
Acc results for the BOR classiﬁcation using various casting features.
Sets

𝐹𝑛

FLINE

FMp2v

FTRIP

FDHPE

FM1

FM2

Fn (MINE)

I
II
III
IV
V
VI
Aver.

0.392
0.357
0.404
0.394
0.406
0.382
0.393

0.331
0.366
0.392
0.406
0.375
0.343
0.369

0.404
0.463
0.428
0.431
0.476
0.417
0.437

0.283
0.294
0.302
0.365
0.374
0.339
0.326

0.302
0.346
0.379
0.406
0.386
0.322
0.357

0.392
0.421
0.453
0.440
0.408
0.403
0.420

0.435
0.458
0.503
0.511
0.480
0.474
0.477

0.481
0.514
0.536
0.534
0.502
0.519
0.514

′

Table 7
Acc results for the BOR classiﬁcation using various shooting features.
Sets

𝐹𝑣

Fl

Fm

Fv

I
II
III
IV
V
VI
Aver.

0.318
0.344
0.331
0.349
0.335
0.313
0.334

0.272
0.291
0.303
0.298
0.279
0.266
0.285

0.347
0.363
0.338
0.374
0.355
0.344
0.354

0.403
0.412
0.394
0.408
0.406
0.391
0.402

′

7.4.4. Case studies of embedding vectors
Casting features We select a snapshot and use t-SNE [84] to reduce
our embeddings to 3D. They are shown in Fig. 7 type by type. From the
2D projection surfaces, we notice that they have a linear trend, which
hints that the embeddings are equipped with a high distinguishability
since the semantic and structural information has been embodied.
Shooting features For the DNN-based model, there are three levels of
vectors can be used to represent a trailer, namely, the low-level vector, the middle-level vector, and the high-level vector (i.e., the shooting features), respectively. In order to reveal knowledge encoded in the
three-level vectors, similar to the textual vectors, we map them into two
dimensions using t-SNE [84] and plot them in Fig. 8(b), (c), and (d), respectively, in which we also mark out the location of the two Chinese
and the ten Hollywood movies (their locations are at the far left of their
captions).
As demonstrated, through preserving the knowledge of the shooting factor by the three-level learning process, movies with similar BOR
values tend to cluster together. In particular, we see a clear trend in
Fig. 8(d) where movies show up in descending order from left to right
according to their BORs, which indicates there is a strong correlation
between this knowledge and BOR. Therefore, the kind of embedding is
signiﬁcantly associated with the prediction task.
Screenwriting features We adopt t-SNE [84] to reduce the textual vectors to two dimensions and show them in Fig. 8(a). In these ﬁgures, each
point represents a movie, while the size of the point is directly proportional to the BOR of the movie. In addition, we mark out the location
of two Chinese and ten Hollywood hot movies in the ﬁgures as examples (their locations are at the far right of their captions). Movies with
similar topics can be distributed in a nearby region, e.g. these superhero
movies, which thus can assist in the ultimate prediction goal.
Distribution features We also show the relationship between BOR and
ﬁve vital hand-crafted features in Fig. 9. Sequels and other IP movies
are better received than other movies (Fig. 9(a)). For a movie, the fewer
competitors, the higher the chance to get a higher BOR (top of Fig. 9(b)).
The number of promotion news articles of a movie in professional ﬁlm
portal websites indicates the success of the promotion strategy (bottom
of Fig. 9(b)). In addition, the average daily BOR of movies on vacations
and holidays are shown in Fig. 9(c) and (d). They are brighter spots
than ordinary days. As a result, these features contain the BOR-related
knowledge that can thus help the BOR prediction.

Table 8
Acc. results for the BOR classiﬁcation using diﬀerent feature combinations.
Features

I

II

III

IV

V

VI

Aver.

Ft
Fd
𝐹𝑡 + 𝐹𝑑
𝐹𝑡 + 𝐹𝑑
𝐹𝑡 + 𝐹𝑑
′
𝐹
𝐹𝑡 + 𝐹𝑑
𝐹𝑡 + 𝐹𝑑
F

0.391
0.431
0.458
0.473
0.464
0.482
0.548
0.499
0.576

0.374
0.425
0.449
0.467
0.453
0.476
0.561
0.493
0.585

0.386
0.439
0.451
0.480
0.465
0.492
0.573
0.492
0.594

0.383
0.416
0.435
0.463
0.447
0.480
0.565
0.483
0.574

0.366
0.424
0.443
0.473
0.456
0.478
0.552
0.487
0.570

0.368
0.417
0.446
0.468
0.459
0.484
0.569
0.501
0.582

0.378
0.425
0.447
0.471
0.457
0.482
0.561
0.493
0.580

+ 𝐹𝑛
′
+ 𝐹𝑣
′

+ 𝐹𝑛
+ 𝐹𝑣

that of previous studies, we treat the textual and distribution features
as shared features of both the learned features and conventional features. Speciﬁcally, we feed the following features to train classiﬁcation
models. The accuracy results of these models w.r.t. each testing set are
reported in Table 8.
•
•
•
•

•

•

•

•

•

Ft : textual features;
Fd : distribution features;
𝐹𝑡 + 𝐹𝑑 : combining textual and distribution features;
′
𝐹𝑡 + 𝐹𝑑 + 𝐹𝑛 : combining textual, distribution, and hand-crafted
casting features;
′
𝐹𝑡 + 𝐹𝑑 + 𝐹𝑣 : combining textual, distribution, and hand-crafted
visual features;
′
𝐹 : combination of all conventional hand-crafted features, i.e.,
′
′
𝐹𝑛 + 𝐹𝑣 + 𝐹𝑡 + 𝐹𝑑 ;
𝐹𝑡 + 𝐹𝑑 + 𝐹𝑛 : combining textual, distribution, and the learned
casting features;
𝐹𝑡 + 𝐹𝑑 + 𝐹𝑣 : combining textual, distribution, and the learned visual features;
F: the learned feature vector, namely, 𝐹𝑡 + 𝐹𝑑 + 𝐹𝑣 + 𝐹𝑛 .

7.5. Eﬀectiveness of prediction model
In this section, we show the eﬀectiveness of the prediction and ranking model by the following two experiments.
7.5.1. Eﬀectiveness of real-value prediction
To support real-world applications, we evaluate the eﬀectiveness of
real-value prediction. To this end, we feed our movie features (F) and
′
the traditional features (𝐹 ) to the following algorithms to compare the
MAPE results. Note that, the task is extremely diﬃcult as the range of
BOR values is very large ($0-about $1B).

Results. Comparing the performance using Ft , Fd , 𝐹𝑡 + 𝐹𝑑 and 𝐹𝑡 +
𝐹𝑑 + 𝐹𝑣 , it is evident that Ft and Fd can both contribute to the prediction accuracy. The results of feature combinations reveal the advantage
of our strategy that takes consideration of these factors entirely. More′
over, the results of 𝐹 and F indicate that the latter brings a signiﬁcant
improvement to the classiﬁcation precision, exhibiting the eﬀectiveness
of our feature extraction models further.

•
•
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LR, the linear regression model;
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Fig. 7. Visualization of participant embeddings w.r.t. each type.
Fig. 8. t-SNE of screenwriting and casting features.

Fig. 9. Eﬀectiveness of distribution features.
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Table 9
Comparisons of each predictor based on MAPE.
BOR range
LR
LASSO
SVR-RBF
Ada-R2
RF
GBRT
PRBO

•
•
•

•
•

𝐹
F
′
𝐹
F
′
𝐹
F
′
𝐹
F
′
𝐹
F
′
𝐹
F
′
𝐹
F
′

< 1.5

1.5-4.6

4.6–12.3

12.3–46.2

46.2–153.8

> 153.8

Aver.

134%
82%
125%
75%
223%
162%
103%
81%
86%
66%
121%
86%
108%
63%

139%
74%
105%
67%
278%
154%
91%
65%
83%
64%
104%
68%
95%
61%

124%
85%
99%
82%
282%
144%
87%
55%
88%
58%
096%
58%
87%
54%

175%
65%
154%
61%
384%
165%
127%
56%
146%
53%
139%
52%
167%
47%

261%
58%
247%
53%
447%
159%
213%
48%
206%
51%
214%
47%
237%
45%

296%
54%
292%
49%
491%
171%
254%
51%
257%
53%
265%
43%
271%
39%

188%
70%
170%
65%
351%
160%
146%
59%
144%
58%
157%
59%
161%
52%

Table 10
Comparisons of each ranker based on NDCG .

LASSO [85]: the LR model with L1 sparsity normalization;
Ada-R2 [86]: the decision tree regression with AdaBoost;
SVR-RBF [87]: the support vector regression with the rational
basis function kernel;
RF [88]: the random forest;
GBRT [89]: the gradient boosting regression tree.

@3
Methods
MART
RankNet
CA
RankBoost
PRBO

We set a, b, and 𝜎 2 as 0.01 0.01, and 1000 for the PRBO model,
respectively. For Lasso, the constant that multiplies the L1 term is 0.1.
For Ada-R2, the number of estimators is 50, the learning rate is 0.01, and
the maximum depth of the decision tree is 3. For SVR-RBF, the penalty
parameter is 0.1. For RF, the number of trees is 50, and the max depth
is 4. For GBRT, the learning rate is 0.01, and the number of boosting
stages is 100.
Results. Average MAPE results among six testing sets w.r.t. each
revenue range are reported in Table 9. In general, the performance of
′
methods using F signiﬁcantly outperform that of 𝐹 . According to the
results of using our representation, most of the methods can achieve
good performance. We make two observations:

•
•

0.51
0.43
0.32
0.53
0.46

@5
F

𝐹

0.78
0.59
0.55
0.74
0.94

0.54
0.44
0.34
0.61
0.48

′

@7
F

𝐹

0.91
0.69
0.64
0.86
0.95

0.59
0.53
0.46
0.62
0.56

′

@10
F

𝐹

0.90
0.82
0.61
0.88
0.96

0.68
0.64
0.50
0.71
0.57

′

F
0.88
0.80
0.62
0.89
0.96

8. Conclusion
In this paper, we proposed a two-stage machine learning method for
predicting the BOR of a movie before releasing it. We propose utilizing
various feature learning models for extracting diﬀerent features from
multi-modal data of the movie. In particular, we propose a novel dynamic heterogeneous network embedding model to collectively learn latent representations of actors, directors, and companies, capturing their
cooperation relationship collectively. We design a deep neural networkbased model to uncover high-level representations of movie quality from
trailers. Then, a movie’s feature vector, consisting of these vectors, is fed
into a prediction and ranking model to obtain the BOR prediction. The
experimental results on the Chinese ﬁlm market data show the advantage of both our movie feature vectors and the prediction results. In
particular, the solution only has an error of about 40% absolute percentage error for bankable movies in a very large prediction space and
also oﬀers a promising ranking result. Finally, the real-world applicability of the solution drives us to deploy the solution as a business service
to support investment decisions.
For future work, it is promising to explore NLP technologies in-depth
for these textual data about movies. Second, in this paper, we speciﬁed
an embedding method, i.e., MINE, for the participant embedding problem. In the future, it is interesting to investigate a general version of our
model, such that our model can be employed to wide applications.

7.5.2. Eﬀectiveness of ranking
In addition, as our PRBO method also provides ranking results, we
further evaluate the ranking performance using the following baselines
where we both feed our movie feature (F) and the traditional feature
′
(𝐹 ) to obtain ranking (NSGD) results.
•

′

1, and the number of hidden nodes per layer as 20. For RankBoost, we
set the number of iterations to 300, and the number of threshold candidates as 10. For CA, we set step base as 0.05, step scale as 2.0, tolerance
as 0.001, and slack as 0.001.
Results. Average NDCG results among all the six testing sets w.r.t.
four n numbers are listed in Table 10. Supported by our movie feature
vectors, each model indicates a promising ranking performance. As enhanced by the prediction ability, the PRBO demonstrates the superiority
over other baselines.
As a consequence, experimental results reveal the applicability of
the PRBO model in the real-world since the model can both provide two
kinds of guaranteed results for investors.

(1) BOR range. Clearly, for movies with BOR of more than $12.3M,
all methods obtain a promising result. However, the error is relatively high when the revenue is less than $12.3M, because a part
of these movies, especially in the $1.5M-$12.3M range are produced by renowned teams yet, are destroyed by bad reputations
[90] that are not easy to be identiﬁed before releasing. Another
part of movies are small productions without suﬃcient data for
modeling them, leading to the relative inaccuracy.
(2) Prediction method. Because of the limitation of training samples,
the model SVR-RBF shows the weakest performance, whereas our
PRBO, with the help of the ranking information, outperforms all
the baselines. Moreover, our method only deviates about 39% absolute error for these most bankable movies ( > $153.8M), which
is of great value to direct the investment.

•

𝐹

MART [89]: the boosted tree model;
RankNet [81]: the neural network-based ranking method;
RankBoost [91]: the model combined many “weak” rankers;
Coordinate Ascent (CA) [92]: the model applies coordinate descent for optimization.

For MART, we set the number of trees, leaves, and threshold candidates as 50, 5, and 10, respectively, and the learning rate as 0.01. For
RankNet, the number of epochs as 100, the number of hidden layers as
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