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Abstract—The intractable “cold-start” problem often encoun-
tered in existed video recommendation systems when a new
video is coming with minimal users’ feedback since most existing
recommendation algorithms heavily rely on the users’ implicit
feedbacks. This paper presents a novel idea for solving the
“cold start” problem by analyzing the video content itself. The
Harmonic Sampling is designed in our work for utilizing the rank
information automatically during the sampling procedure , and
a Semi-Siamese network is proposed for overcoming the asym-
metric training samples. The proposed method demonstrated
its effectiveness in dealing with “cold-start” problem, achieving
superior performance over the Content-based Video Relevance
Prediction Dataset.

I. INTRODUCTION

The video streaming has become one prevalent Internet
services with the development of network techniques, which
acted as the most vital role of Internet multimedia services. For
better helping users to discover the video they would enjoy,
the video recommendations represented by video relevance
prediction has attracted increasing interest in recent years.

Current video recommendation algorithms can be roughly
divided into two major aspects, collaborative-based filter-
ing [1], [2], [3], [4] and content-based recommendation [5],
[6], [7], [8]. Typical collaborative-based filtering methods are
mainly implemented by using the users’ implicit feedbacks,
considering the similarities from users’ reviews of videos
or some inherent attributes from the meta-information(actors,
directors et al.). On the other hand, content-based methods
mainly focus on the spatial or the temporal feature not only
for images but also captions or the voice. The collaborative-
based filtering methods are more welcomed by video stream-
ing providers before the rise of deep learning techniques.
However, when a new video is coming with minimal users’
feedbacks, the “cold-start” problem is often inevitable in the
collaborative-based filtering method, and it is hard to analyze
the similarity among videos without enough information.

With the dramatic feature extraction abilities brought from
the deep neural networks [9], the content-based recommen-
dation algorithms are increasingly recognized for solving the
“cold-start” problem. As the core part of the video recom-
mendation system, the video relevance prediction aims to give
the recommended video lists when a new video is coming.
As shown in Fig. 1, the Video Recommendation System is
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Fig. 1. The overview of the Video Relevance Prediction. When a new video
is coming with minimal users’ feedback, the Video Recommendation System
is used for analyzing the input video and output videos which are relevant to
the input video.

designed to recommend videos which are relevant to the input
video A without any users’ feedbacks.

In this paper, a Semi-Siamese network is presented for
solving the “cold-start” problem in a content-based way. We
designed a new Harmonic Sampling strategy which is able to
utilize the rank information from the training set automatically
during the sampling procedure. For better forming the training
pairs, the correlations between positive and negative sam-
ples are entirely mined by applying our Harmonic Sampling
strategy. For each sample video, the number of unrelated
videos is much larger than the number of related videos,
resulting in a serious unbalance issue among the training
set. Moreover, the correlations between video relevance pairs
are not always bidirectional, which means that the video A
is relevant to B while the B is irrelevant to A in many
cases. The Semi-Siamese network is proposed which trains the
Siamese network from two different stages, for better fitting
the asymmetric training samples and gaining a significant
improvement for video relevance prediction.

The major contributions of this work can be summarized
from three aspects as listed:

• The Harmonic Sampling is designed for utilizing the rank
information automatically during the sampling procedure.

• The Semi-Siamese network and its training method
are proposed, handling the asymmetric training samples
which occupied nearly 40% in the training set.

• For obtaining a stable convergence during the training
procedure, a new feature penalty is designed and added
into the origin contrastive loss function.
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II. RELATED WORK

Collaborative filtering-based recommendation
The collaborative filtering-based recommendation is first

proposed by Tapestry et al. [10], which is implemented by
using the explicit opinion of people from large communities.
After that, the GroipLens Research System is designed [11],
providing a pseudonymous collaborative filtering solution. On
the other hand, the email-based system Ringo [5] is proposed
to generate the recommendation music and movies. Recently,
a framework of tightly coupled collaborative filtering and deep
neural network [12] is proposed by Wei et al. for solving the
“cold-start” problem in video relevance prediction.
Content-based recommendation

Traditional content-based algorithms still heavily rely on
the users’ preferences and feedbacks, by explicitly asking
them to make a judgment of the item [14] or analyzing the
user activities [15]. Moreover, the meta-data such as actors,
directors et al. are also considered [16]. However, when a new
video is coming without any user information or the meta-
data, the current content-based method will usually fall into
the ”cold-start” problem. For overcoming the ”cold-start” issue
in a content-based way, HULU proposed to solve the problem
by using the triplet network [17], [18].

The proposed Semi-Siamese network is designed specifi-
cally for overcoming the “cold-start” problem, analyzing the
new video itself(visual feature) and recommending the video
lists which are relevant to the input video.

III. METHOD AND FORMULATION

A. Problem definition

The main purpose of the video relevance prediction is to
train a model which is able to learn the relationship between
videos and recommend a series of videos which are relevant to
the given video. Specifically, when visual feature Xi(extracted
from its visual content) of a video Vi is fed into the model, a
relevance list of Vi consisting of Mi well-ordered candidates
defined as ri = [ri1,ri2,...,rij ,...,riMi ] will be returned. j
indicates the importance of the candidates(rank information).
We defined that Video B is relevant to Video A if B is in the
relevance list of A.

B. Proposed method

1) Sampling method: The training data fed into the siamese
network are usually desired to be formed as (Xa, Xb, label).
Xa and Xb refers to visual features of two videos Va and
Vb respectively, and it will be labeled as 1 if the latter video
Vb is in Va’s relevance list and 0 otherwise. Hard Negative
sampling, the widely-used data sampling strategy, is to select
all positive samples directly and then select the same amount
of hard negative samples. However, as stated in Sec. I, the
serious unbalance issue exists in the training set.

A straightforward idea for overcoming the unbalance issue
is to increase the coverage of the negative samples directly
and select the positive samples repeatedly until the amount is
balanced, which is indeed effective while the useful rank in-
formation about the relevance list is totally ignored. For better

sampling the training data and utilizing the rank information
in the given relevance list of video Vi, the Harmonic Sampling
strategy is designed and can be formed as follows:

λij =

1
jp

Mi∑
n=1

1
np

(1)

Mi refers to the number of videos which are relevant to
the video Vi, where 0 < j ≤ Mi, λij indicates the ratio of
the positive sample (Xi, Xrij , 1) among all samples sampled
from the relevance list ri and it can be regarded as the
frequency which this positive sample need to be re-sampled.
The sampling process can be completed in this way no matter
how many positive samples for each video are needed for
balance. Moreover, the sampling intensity can be controlled
by adjusting the hyperparameter p.

2) Semi-Siamese network: The Siamese network trained
with “pairwise” manners are widely-used for solving the
retrieval problem, which is first proposed in [19] and applied
in face authentication tasks. The training process of Siamese
Network can essentially be regarded as mapping features from
the original space to a new space, which makes the highly
correlated videos closer to each other and pushes away the
unrelvant pairs. However, this similarity metric is generally
performed bidirectionally and symmetrically, which is differ-
ent from the data distribution of video relevance datasets. For
example, it is very common that video A is relevant to the
video B while B is not relevant to A. A carefully statistic
analysis will be conducted in Sec IV-B.

The Semi-Siamese network is proposed for better fitting
both symmetrical and asymmetrical data. The training proce-
dure of the proposed method can be divided into two stages.
In the first stage, it is exactly the same as the general Siamese
Network training, and the symmetrical related samples are
selected to train the model. And then, the pre-trained Siamese
network is copied directly into two independent models, and it
will be fine-tuned by using the asymmetrically related samples.

The entire training procedure is illustrated in Fig.2, where
Fig.2-(a)(b), Fig.2-(c)(d) represent the first and second stages,
respectively. Fig2-(a)(c) are the network architecture, and
Fig2-(b)(d) are abridged general views(only for explain-
ing) of the proposed model. In stage-1, the input sample
(Xa, Xb, label) is symmetrical, which means video Va and
Vb are both relevant to each other and the distance defined
as d(a,b) is considered equals to d(b,a). As shown in (b), the
shared model maps the two different video features Xa and Xb

into two new features Fa and Fb. At that time, d(a,b) equals
to d(b,a) since they pass through a same model, the original
model model-O. In stage-2, as samples are asymmetrical,
(Xp, Xq, label) and (Xq, Xp, label) cannot be treated in the
same way. We would pass the feature of the formal video
in each sample through model-F, and the latter one through
model-L. After fine-tuning, both the model-F(denoted as or-
ange line) and model-L(denoted as green line) are different
from the model-O(denoted as gray dotted line) as shown in



Fig. 2. The training procedure of the proposed Semi-Siamese network. The parameter of the model-F and model-L are completely independent in the second
stage. Each block in (a) is consist of a fully-connected layer, a ReLu activation and a dropout. (b) and (d) are the visualization of the training procedure in 2
stage, respectively.

Fig2-(d), hence a same video would get different features when
passing through different models, resulting in the difference of
d(p,q) and d(q,p). From the comparison of Fig.2-(b) Fig.2-(d),
it can be seen that the model is able to predict asymmetric
relationships based on the symmetric relationship learned in
the first stage.

3) Loss function: The basic contrastive loss[20] is adopted
in our work:

L =
1

2N

N∑
n=1

yd2 + (1− y)max (m− d, 0)2 (2)

Where d = ||F1 − F2||2, m refers to the pre-defined margin
and y is the label. During the training procedure, the negative
samples will be gradually pushed away from each other in the
trained feature space. As the amount of negative samples is
much larger than positive samples, the essential characteristics
of the data still exist even though the imbalance issue is
alleviated to some extent by using the Harmonic Sampling
strategy. The distance between 2 negative samples will keep
increasing even though it has already larger than the pre-
defined margin value, which will result in a decrease of the
loss value without the performance improvement even drop.

For obtaining a stable convergence during the training
procedure, the distance between positive and negative samples
should be controlled within a reasonable range. A novel feature
penalty is designed and added into the original contrastive loss
function and can be defined as follows:

L =
1

2N

N∑
n=1

yd2+(1− y)max (m− d, 0)2+ϕ (|F1|2 + |F2|2)

(3)
Where ϕ is a hyperparameter used to adjust the degree

of the constraint. F1 and F2 refers to the output features by
forwarding the proposed Semi-Siamese network. The designed
feature penalty works as a regularization, which leads a
constraint of the feature distance between fed training pairs.

IV. EXPERIMENTS

In this section, We first introduced the Content-Based Video
Relevance Prediction Dataset(CBVRP), which is used as a

benchmark [17] in our work for evaluating our method. And
then, we experimentally validated the performance of our
Semi-Siamese network and a series of ablation experiments are
conducted for analyzing each of its components for video rel-
evance prediction. Since there is hardly previous experimental
results on this new dataset, we only made a fair comparison
with the baseline method which is provided by HULU, the
maker of this challenge dataset. All evaluation experiments
are developed using the widely-used Pytorch deep learning
framework [21] and run on the NVIDIA Titan Xp GPUs.

A. Dataset and evaluation metrics

1) Content-Based Video Relevance Prediction(CBVRP):
For driving the study on the video relevance recommendation
and explore effective solutions for overcoming the ”cold-start”
problem, the large Content-Based Video Relevance Prediction
Datasets is released by the HULU, a world famous video
streaming provider. Nearly 18,000 video trailers are released
in the forms of the pre-extracted visual feature, including the
C3D feature at the video level and the Inception feature at
the frame level. All video trailers are divided into 2 separated
tracks, TV-shows and Movies. Specially, C3D features with
512 dimension are extracted by using the state-of-the-art
C3D architecture [22], and the Inception features with 2048
dimension are obtained from the Inception V3 networks [23],
which are pre-trained on the ILSVRC2012 Dataset [24].

2) Evaluation metrics: A relevance list with N sample
videos are provided as ground truth lists in the training set
in CBVRP. Specially, for each sample video Vi, there are Mi

ground truth relevance videos. The relevance list is defined as
ri = [ri1,ri2,...,rij ,...,riMi ], where j indicates the importance
of the candidates. The recall rate recall@Top K are computed
as an performance measurement.

recall@k =
|ri ∩ r̂i|
|ri|

(4)

Where r̂i refers to the predicted results.



Methods Recall@k
k=50 k=100 k=200 k=300

Baseline-C3D 0.111 0.175 0.264 0.329
Baseline-Inception 0.111 0.172 0.262 0.331

Baseline-fusion 0.123 0.189 0.281 0.352
Semi-Siamese-C3D 0.148 0.225 0.315 0.380

Semi-Siamese-Inception 0.119 0.186 0.281 0.342
Semi-Siamese-fusion 0.161 0.237 0.353 0.402

TABLE I
TRACK 1 - TV-SHOWS: PERFORMANCE COMPARISON WITH THE BASELINE

METHOD.

B. Data statistic analysis

A careful data statistic analysis of the CBVRP dataset is
conducted. A new measurement “Betrayal Rate”, denoted as
γ is introduced for evaluating the “unidirectional” among the
training set. Specially, considering the video Vi in the training
set, γi can be defined as follows:

γi =

Mi∑
j=1

|C(ID(i, j), i)− 1|

Mi
(5)

The ID(i, j) returns the id information of the jth video
in video Vi’s relevance list. The C(ID(i, j), i) will return 1
when Vi is in the relevance list of VID(i,j). γ for all videos
can be computed as follows:

γall =

N∑
i=0

Mi∑
j=1

|C(ID(i, j), i)− 1|

N∑
i=0

Mi

(6)

N is the total number of the videos in training set.
The betrayal rate γall for track TV-shows is 38.95% and

is 42.69% for track Movies. The distribution of the Betrayal
Rate for each track is showed in Fig 3.

C. Performance Evaluation

1) Baseline method: The baseline method is provided by
the HULU, the maker of the CBVRP dataset. The basic triplet
loss is utilized for relevance learning. For triplet construction,
the video which is relevant to the sample is regarded as a
positive and will be considered as a negative otherwise.

Fig. 3. The distribution of Betrayal Rate γ on TV shows and Movies tracks.

Methods Recall@k
k=50 k=100 k=200 k=300

Baseline-C3D 0.101 0.143 0.206 0.257
Baseline-Inception 0.086 0.125 0.185 0.229

Baseline-fusion 0.107 0.154 0.219 0.269
Semi-Siamese-C3D 0.108 0.164 0.226 0.283

Semi-Siamese-Inception 0.089 0.133 0.198 0.240
Semi-Siamese-fusion 0.110 0.171 0.247 0.308

TABLE II
TRACK 2 - MOVIES: PERFORMANCE COMPARISON WITH THE BASELINE

METHOD.

Models Recall@100
Semi-Siamese+HN 0.168
Semi-Siamese+HS 0.199

Semi-Siamese+HS+Constraint 0.237

TABLE III
ABLATION STUDY ON TV-SHOWS

2) Results and analysis: Tab. I and II show the Recall rate
of the proposed method and the baseline method, respectively.
The detailed architecture of the model is illustrated in Fig 2-
(a). All models in Tab. I and II are trained with the proposed
Semi-Siamese network and sampled by applying the Harmonic
Sampling strategy. As shown in Tab. I and II that the proposed
method is clearly outperforming by a large margin on the
Recall rate when compared with the baseline method whether
using the C3D feature and the Inception feature separately or
in combination. The clear Recall rate improvements demon-
strate the effectiveness of the proposed method.

3) Ablation analysis: We conduct different experiments on
the Track-show training set to study how each component help
to improve the performance and the results are reported in
Tab. III. The HN refers to the general Hard Negative sampling
and the HS refers to the proposed Harmonic Sampling. The
constrain means the added feature penalty. When compared
with the general Hard Negative sampling strategy, the pro-
posed Harmonic Sampling strategy gains 3.1% improvement.

V. CONCLUSION

This paper addressed the “cold-start” problem and make a
more precise prediction for the video relevance when a new
video is coming. The Semi-Siamese network is proposed to
train the Siamese network from two independent stage, fitting
the asymmetric data which widely existed in the dataset and
the real-world. Moreover, we designed a Harmonic Sampling
strategy for better forming the training pairs and making full
use of the rank information. Experiments over the Contend-
Based Video Relevance Prediction dataset show that the pro-
posed method achieve superior performance when compared
with the baseline method. In future work, we will focus on
analyzing the temporal feature of the video data and designing
a more precise video relevance predictor.
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