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ABSTRACT
Automatic playlist continuation (APC) is a common task of music
recommender systems, which automatically discovers tracks that
fit into a given playlist. To recommend a coherent list of tracks to
users, it is important to capture the underlying characteristics of
playlists. Unfortunately, there are several challenges that existing
recommender models suffer from: (1) they tend to misinterpret
tracks that appear rarely in the playlist, (i.e., popularity bias) (2)
they cannot extend users’ playlists consisting of very few tracks,
(i.e., cold-start problem), and (3) they neglect the context of the
playlist such as a sequence of tracks and a playlist title, (i.e., context-
aware continuation). This year’s ACM RecSys Challenge’18 aimed
at finding new solutions for tackling these issues.

In this paper, we propose a multimodal collaborative filtering
model to deal with diverse data effectively. This consists of two
components: (1) an autoencoder using both the playlist and its
categorical contents and (2) a character-level convolutional neural
network using the playlist title only. By simultaneously analyzing
the playlist and categorical contents, our model successfully ad-
dresses the cold-start problem and the popularity bias. Also, we
consider the context of the playlist by utilizing the playlist title, thus
improving the prediction of well-suited tracks. In the challenge, our
team “hello world!” ranked the 2nd place by scoring 0.224, 0.394,
and 1.928 for three evaluation metrics, respectively. Our implemen-
tation code is publicly available at https://github.com/hojinYang/
spotify_recSys_challenge_2018.
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1 INTRODUCTION
With the rise in popularity of online music streaming services
(e.g., Spotify, Pandora, Apple Music, and last.fm), automatic playlist
continuation (APC) [2, 11] received a considerable attention ever
before. Given a playlist including a list of tracks, the goal of APC
is to sequentially add one or more tracks that share the intrinsic
characteristics of the target playlist. To this end, it is important to
reveal the underlying semantics of a given playlist by leveraging
both a catalog of playlists and other metadata for playlists.

Among many possible solutions for APC, collaborative filtering
(CF ) [10] is a common approach to developing recommender mod-
els for APC. CF is a method that analyzes a playlist-track dataset
and predicts the unknown interests of users by inducing the latent
patterns reflecting user preferences. While CF is effective for ex-
tracting the latent patterns of playlists for APC, its performance
heavily relies on the availability of the sufficient amount of playlists.

Specifically, existing CF models [6, 7, 11] face the following
challenges. (1) They tend to mislead tracks that appear very few
times in the playlist (i.e., popularity bias). (2) Their accuracy is
significantly degraded for the playlist with very few tracks, (i.e.,
cold-start problem). In practice, an extreme case can be the playlist
with no tracks but a playlist title. (3) They do not fully utilize the
context of the playlist such as a sequential order of tracks and a
playlist title (i.e., context-aware continuation) although the context
is an evident clue for APC.

To address these issues, several hybrid approaches [4, 9, 15, 17]
have been studied to fuse CF with content-based approaches. As
early work, [4, 17] fused CF with content features such as acoustic
features. Recently, Pichl et al. [9] attempted to understand the
hidden meaning of playlist titles using contextual clustering. Vall
et al. [15] proposed a hybrid model that combines playlists with
multimodal features of tracks to infer playlist-track membership.
Although they exploit playlists and its contents, they focus on the
content of either playlists or tracks, not both.

In this paper, we propose a newmultimodal collaborative filtering
model that accounts the contents of both playlists and tracks. Our
model consists of two components. First, we develop an autoencoder
which uses both playlists and categorical contents as input. Inspired
by a hide-and-seek idea [13], we ignore either playlists or contents
at a time during training. Also, we devise two dropout strategies
to adapt an order of playlists. In this way, it is possible to identify
not only complex patterns across playlists and contents but also
reveal the hidden context for an order of playlists. Next, we develop
a character-level convolutional neural network (charCNN) [5, 18].

https://github.com/hojinYang/spotify_recSys_challenge_2018
https://github.com/hojinYang/spotify_recSys_challenge_2018
https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn
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This model learns the latent relationship between playlists and their
titles. For inference, we account for an ensemble method of two
models by dynamically adjusting the importance of each model.

2 PRELIMINARIES
2.1 Challenge Framework
Problem statement. This year’s ACM RecSys Challenge 2018 [12]
is automatic playlist continuation (APC), which adds one or more
tracks that fit into the underlying characteristics of a given playlist.
For the challenge, the organizer, Spotify, released a dataset including
three pillars: a collection of playlists, the title of each playlist, and
some metadata of tracks. The playlist is represented by a list of
tracks as user-track interaction. The playlist title is the form of a
short text, implying the abstract description of the playlist. The
playlist title can be sufficient evidence even if no tracks exist in the
playlist. In addition, each track is associated with some categorical
contents such as artists, album, and so on. In Section 4.1, we will
explain the statistics on the dataset in details.

Evaluation task. Given a playlist with an arbitrary length and
its associated contents, the goal of the challenge is to predict top-
500 favorite tracks in a way that fits into the playlist. Specifically,
the evaluation task consists of several subtasks according to the
number of seed tracks (e.g., 0, 1, 5, 10, 25, and 100), the availability
of a playlist title, and the order of a playlist (e.g., sequential and
shuffled). The evaluation tasks aim to deal with the following issues
faced in the existing models:

• Utilizing diverse contents: To handle the tracks occurring
very few times, they provide some useful contents such as
playlist titles and metadata for tracks. It is crucial to utilize
both playlists and their contents.

• Addressing the cold-start problem: When no tracks are
available, a playlist title is provided only. It is inevitable to
develop a model that takes a short text title as input.

• Understanding the order of tracks: Users listen to the
tracks in either sequential or shuffled order, implying the
context of the playlist. It is necessary to reveal the hidden
context in the order of the playlist.

Evaluation metrics. In the challenge, three evaluation measures
are used1. Let G be the ground truth set of tracks and R be the
ordered list of recommended tracks. The size of a set or a list is
denoted by | · | and from-to-subscript is used to index a list.

• R-precision: It is calculated as the number of retrieved rele-
vant tracks divided by the number of known relevant tracks,
regardless of the order of R.

R-precision =

��G ∩ R1: |G |

��
|G |

(1)

• Normalized discounted cumulative gain (NDCG): It is
calculated the DCG and dividing it by the ideal DCG.

NDCG =
DCG

IDCG
, where DCG = rel1 +

|R |∑
i=2

reli
log2(i + 1)

, (2)

1http://www.recsyschallenge.com/2018/

• Recommended songs clicks: Suppose that 10 tracks are
added to a given playlist in sequence. It is calculated as the
number of refreshes until a relevant track is found.

clicks =
⌊
argmini {Ri : Ri ∈ G |} − 1

10

⌋
(3)

2.2 Mathematical Notations
Given a set ofm playlists and a set ofn tracks (or songs), a collection
of playlists is represented by an m × n matrix P ∈ [0, 1]m×n . A
playlist p ∈ P is a list of tracks, and it is also represented by a row
vector p of P. That is, an entry pi ∈ p is the occurrence of track i in
the playlist. If p includes track i , pi is set as 1. Otherwise, pi is set
as 0. Note that it does not necessarily implies that p is not relevant
to track i because the user who creates p is unaware of i .

Similar to the matrix P for playlists, the contents of playlists can
be represented by anm ×k matrix A ∈ [0, 1]m×k . A content ap ∈ A
corresponds to p, and it is also represented by a row vector of A.
In this paper, we only use artists as the contents although other
contents can be available. An entry ai ∈ ap indicates the relevance
of artist i for playlist p. If playlist p includes any track by artist i ,
ai is set as 1. Otherwise, ai is set as 0, meaning that there are no
tracks by artist i .

Lastly, a playlist title is associated with the playlist p. Let c ∈ Rd

be a character-level embedding vector. A text T ∈ Rt×d of length t
is represented by an embeddingmatrix by concatenating a sequence
of t character vectors, i.e., T = ⟨c1; · · · ; ct ⟩. Let Tp be the playlist
title corresponding to playlist p.

2.3 Baseline Models
Autoencoders. An autoencoder [1] is an effective method to learn
the non-linear, compact representation of data, and it has been also
used as generative models. Recently, the autoencoder is also used
for CF [3, 16]. Architecturally, it consists of two phases: encoding
and decoding. An input data is first projected into a hidden rep-
resentation using a mapping function, and the output connecting
to the hidden representation is enforced to reconstruct its input.
Because the hidden representation is usually represented by a low
dimensional vector, it can accomplish the latent representation of
data, analogous to the dimensionality reduction approach.

We briefly explain how the autoencoder is used for CF. For sim-
plicity, we formulate the autoencoder with one fully-connected-
layer, although the number of hidden layers can be two or more.

• Encoder: The encoding function f maps an input vector
x ∈ [0, 1]n into y ∈ Rd .

y = f (x) = σ (Wx + b), (4)

whereW ∈ Rd×n , b ∈ Rd , and σ is a non-linear function. In
this paper, the sigmoid function is used.

• Decoder: The decoding function д maps hidden vector y to
the output x̂ ∈ Rn to reconstruct the input vector.

x̂ = д(y) = σ (W′y + b′), (5)

whereW′ ∈ Rn×d , b′ ∈ Rn . Hence, the overall process can
be written as д(f (x)) with respect to x.



MMCF: Multimodal Collaborative Filtering for Automatic Playlist Continuation Conference’17, July 2017, Washington, DC, USA

For training, we learn parameters Θ = {W,W′, b, b′} to min-
imize the reconstruction error between an input vector and its
reconstructed vector.

In this paper, because playlist p is taken as input, the objective
function of the autoencoder is defined as follows:

argmin
Θ

∑
p∈P

L(p, p̂), (6)

where L is the loss function. In this process, we adopt a cross-
entropy loss function.

L(p, p̂) = −
1
n

n∑
i=1

pi log p̂i + (1 − pi ) log (1 − p̂i ) (7)

Although it is effective for playlists, it is limited to incorporate
other contents. In Section 3.1, we will present a content-aware
autoencoder using both the playlist and its contents.

Character-level convolutional neural network. A convolutional
neural network (CNN) has been originally proposed for image and
video recognition. Because the CNN can capture the spatial lo-
cality of texts, it also has been used for text classification. In this
paper, we adopt a character-level convolutional neural network
(charCNN) [5, 18] to represent a latent embedding vector of a text.

Architecturally, it consists two components: convolution layers
for generating local features and pooling layers for subsampling
features to yield concise representation. With a filter F ∈ Rs×d of
window size s , this model operates convolution on a sequence of
text T. (By default, the stride is 1.)

fi = h(F ∗ Ti :(i+s−1) + b), (8)

where ∗ is the convolution operator, Ti :(i+s−1) is the subsequence
of T from i to i + s − 1, b is a bias for F, and h is the activation
function. In this paper, h is the rectified linear unit (ReLU).

By using the filter in sequence, a feature vector f ∈ Rt−s+1 is
obtained from T.

f = [f1; . . . ; ft−s+1] (9)

Next, the pooling layer is used for subsampling a given feature
vector. In case of max-pooling, it returns the maximum value of fea-
ture vector f , i.e., f ′ = max([f1; . . . ; ft−s+1]). Although we solely
describe the convolution and the pooling operator for one filter, it
is possible to apply multiple filters and feature maps for T. Using
the charCNN, we can finally get a latent embedding vector of T. In
Section 3.2, we will explain how to use the charCNN model for a
playlist title.

3 MULTIMODAL COLLABORATIVE
FILTERING (MMCF)

In this section, we propose amultimodal collaborative filtering using
both a playlist and its contents. Figure 1 depicts the conceptual
procedure of the proposed model with two components. One is the
autoencoder that takes a playlist and artists as input. The other is
the charCNN that takes a playlist title as input. They are learned
independently. After training, we lastly discuss how to combine
two models to recommend top-N tracks for a given playlist.

Figure 1: Overall procedure of our model handling multi-
modal data.

3.1 Content-Aware Autoencoders
Although the existing autoencoder can capture the characteristics
of playlists, it is non-trivial to incorporate other categorical con-
tents. Analogous to the existing solution such as CDAE [16] and
DeepWide [3], one possible solution is to simply adapt the input
layer by concatenating both a playlist and its contents. This so-
lution has a limitation for training. Because it mainly focuses on
reconstructing the playlist, it neglects to learn the latent pattern
of playlists from contents. As a result, it is difficult to overcome
popularity bias and the cold-start problem.

Model architecture. To address this problem,we propose a content-
aware autoencoder, as depicted in Figure 2. A playlist p and its con-
tent ap is concatenated, i.e., [p; ap]. Then, our model takes a joint
playlist-content vector as input. Formally, the objective function of
the proposed autoencoder is formulated as follows:

argmin
Θ

∑
p∈P

L([p; ap], [p̂; âp]), (10)

where Θ = {W ∈ Rd×(n+k ),W′ ∈ R(n+k)×d , b ∈ Rd , b′ ∈ Rn+k }.

Training. Inspired by a hide-and-seek idea, we propose a novel
droupout method. First, we randomly select either the playlist or
its artists, and deactivate its feature vector by setting all values to
0. One of the playlist and the artist is fully ignored during training,
thereby enforcing us to learn marginals as well as joint informa-
tion across playlists and contents. Although it is very simple, this
training process is able to capture complex and diverse patterns
across tracks and contents. Next, we perform a dropout scheme. For
a non-zero vector, we randomly choose some values and set them
to 0. This training process enables our model to be more robust.

Specifically, we explain two possible training cases using the
hide-and-seek idea.

• Setting the artist as 0: All values in ap are set to 0, and p
is only involved for learning, i.e., [p; 0]. Then, p is corrupted
partially. Let p̃ denote a corrupted vector of p. In this way,
our model can learn intra-relationships between tracks (or
contents) as well as the inter-relationships across tracks and
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Figure 2: An architecture of the proposed model consisting of (1) the content-aware autoencoder using both the playlist and
the artist and (2) the charCNN using the playlist title.

artists. That is, the prediction for ap is derived from p.

argmin
Θ

∑
p∈P

L([p̃; 0], [p̂; âp]), (11)

• Setting the playlist as 0: Conversely, all values in p are set
to 0, and ap is only involved for learning, i.e., [0; ap], and ap
is corrupted partially. In this way, we can learn other intra-
and inter-relationships across tracks and artists.

argmin
Θ

∑
p∈P

L([0; ãp], [p̂; âp]), (12)

Training with the hide-and-seek idea has a two-fold effect. First,
while the playlist-artist pair without dropout can ignore the artists
to effectively reconstruct the playlist vector, the playlist-artist pair
with 0 encourages to learn our model in an interleaved manner.
Therefore, our model is learned by balancing two extreme cases.
Next, the dropout method is also effective for regularization. As a
result, it is rarely required for additional regularization even if we
treat sparse inputs.

Next, we need to capture the context by considering an order
of of a playlist. That is, users can listen to the tracks in either a
sequential or a shuffled way. It is observed that an optimal strategy
for dropout should vary upon the order of the playlist. Specifically,
we account for a dropout strategy for each scenario.

• Sequential list: This suggests a sequential dropout strategy,
which only chooses the forepart of the playlist for training,
i.e., the first K tracks, and predicts the remaining tracks in
the playlist. The form of sequential dropout is similar for
continuing tracks in the playlist.

• Shuffled list: As the typical dropout, it considers a random
droput strategy, by learning the model from randomly chosen
tracks of the playlist.

Lastly, we discuss how to distinguish the observed and missing
values for input vectors. This problem is well-known as one-class
collaborative filtering [8]. To address this problem, we adopt a uni-
form weight scheme. If the value is observed, the weight is set to 1.
Otherwise, the weight is set to α . (In our empirical study, α is set

to 0.5). Formally, the loss function with the weighting scheme is
formulated as follows.

L(p, p̂) = −
1
n

∑
p∈P

pi log p̂i + α(1 − pi ) log (1 − p̂i ) (13)

Inference. For inference, both p and ap can be involved. However,
because we are only interested in recommending tracks for a given
playlist, the importance of p and ap can be different. That is, the
observed values of ap are set smaller than those of p, thereby en-
abling that p is regarded more importantly. (In our empirical study,
the importance of p and ap is set to 1.0 and 0.5, respectively).

3.2 CharCNN for Playlist Titles
We explain how to adapt the CharCNN model to infer the latent
pattern between the playlist and its title. The CharCNN is appropri-
ate for applying playlist titles with two aspects. (1) Because playlist
titles might contain out-of-dictionary words or typos, character-
level embedding is more effective for playlist titles than word-level
embedding. That is, character-level embedding can treat any words
by decomposing the word into a sequence of characters. (2) For
training, charCNN is faster than a recurrent neural network (RNN),
while capturing spatial locality of texts.

Model architecture. As depicted in Figure 2, this model takes a
sequence of characters as input and returns the probabilities for
tracks. Given a playlist title Tp of playlist p, it predicts whether the
track in p and its content ap fit or not. That is, the prediction of the
charCNN is defined as follows:

[p̂; âp] = charCNN (Φ,Tp), (14)

where charCNN denotes the charCNN model and Φ is a set of
learning parameters used in the charCNN.

Training. This model is trained by minimizing the average loss be-
tween actual and predicted values. Formally, the objective function
is defined as follows:

argmin
Φ

∑
p∈P

L([p; ap], charCNN (Φ,Tp)) (15)
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Given a playlist title, predicting the tracks in the playlist can be
viewed as the classification problem. As used in the proposed au-
toencoder, we also adopt the loss function as cross entropy loss
in Equation (13). Note that the loss function also distinguishes the
difference between positive and negative feedback.

Inference. This is almost same as the training phase. Given a
playlist title, we obtain the prediction p̂i for each track, and choose
top-N tracks with the highest probabilities.

3.3 Combining Two Models
To account for multimodal data, we discuss how to combine two
models for inference. In case of predicting tracks for a playlist with
a list of tracks and its title, we can boost the accuracy by combining
the results of two models. In this paper, we introduce a simple linear
combination of two output vectors. Let witem and wt it le be the
weights of two models, respectively.

In the simplest way, two weights can be set as constants. For
example, in case of witem = 0.5 and wt it le = 0.5, outputs of two
models are equally contributed to final inference. However, this
approach ignores the fact that the accuracy of the autoencoder
relies on the number of input items (track and contents). That is,
the autoencoder can capture the characteristics of a given playlist
more precisely as the number of input item increases. Based on this
observation, we dynamically set weights according to the number
of items. Let N ([p; ap]) be the number of items, and I (Tp) be the
importance of the playlist title. In such case, the weight for each
model is set as follows:

witem =
N ([p; ap])

N ([p; ap]) + I (Tp)
,wt it le =

I (Tp)
N ([p; ap]) + I (Tp)

(16)

It is observed that the influence of the charCNN increases when
the number of items is small. Conversely, the recommendation
results are highly affected by the autoencoder as the number of
items increases.

4 EXPERIMENTS
4.1 Experimental Setup
Dataset. The Million Playlist Dataset [14] comprises a set of 1M
playlists including track lists, playlist titles, and other metadata for
tracks. Each playlist has 5–250 tracks. To process the playlist with
few tracks, we utilize playlist titles to learn the context associated
with playlist because this text-type title describes the intention of
creating the playlist. Analyzing tracks, the number of unique tracks
is 2,262,292, where 1,073,419 tracks (47.45%) only appear once in
the entire collection of playlists. The data sparsity is 99.9971%. Each
track is associated with an artist and an album as contents, and in
this paper, we only use the artist. The number of unique albums
and artists is 734,684 and 295,860, respectively.

Because the challenge does not provide a test dataset in public,
we randomly split a given dataset into training and validation sets.
The training set consists of 997,000 playlists while the validation
set consists of 3,000 playlists. As same as the challenge evaluation
setting, the number of seed tracks in the validation set includes 0,
1, 5, 10, 25, and 100. In this paper, all the experimental results are
reported for R-precision on the validation dataset.

Table 1: Comparison between the existing autoencoder and
the proposed autoencoder using artists. (R-precision)

Sequential Shuffled
Input 1 5 10 25 100 25 100
Track 0.111 0.153 0.183 0.215 0.159 0.306 0.301

Track+Artist 0.121 0.156 0.184 0.216 0.172 0.317 0.303
Gain (%) +9.00 +1.96 +0.55 +0.47 +8.18 +3.60 +0.66

Table 2: Effect of an ensemble method over varying the im-
portance of the playlist title. (R-precision)

Sequential Shuffled
Title leverage 0 1 5 10 25 100 25 100
Item only - 0.121 0.157 0.184 0.216 0.172 0.317 0.303
Title only 0.078 - - - - - - -

Constant(0.5) 0.078 0.131 0.158 0.181 0.211 0.161 0.31 0.292
I (Tp)=20 0.078 0.102 0.142 0.175 0.213 0.171 0.313 0.301
I (Tp)=10 0.078 0.115 0.153 0.181 0.215 0.171 0.316 0.302
I (Tp)=5 0.078 0.128 0.158 0.184 0.216 0.172 0.317 0.302
I (Tp)=1 0.078 0.131 0.158 0.184 0.216 0.172 0.317 0.303
Gain (%) - +8.26 +0.64 - - - - -

Table 3: Comparison of different dropout strategies. The
best result for each task corresponds to the final challenge
submission. (R-precision)

Sequential Shuffled
Input scheme 1 5 10 25 100 25 100
First[0.7,1.0) 0.131 0.147 0.168 0.195 0.149 0.217 0.184
First[1,50] 0.130 0.158 0.183 0.214 0.169 0.264 0.230
First[0.4,0.7] 0.114 0.152 0.184 0.221 0.180 0.291 0.254

Random[0.2,0.5] 0.102 0.118 0.151 0.191 0.162 0.317 0.303
Gain (%) +28.43 +33.90 +21.85 +15.71 +11.11 +8.94 +19.29

Preprocessing. Because analyzing the rare samples does not pro-
vide the statistically meaningful pattern, we decide to remove those
of too rare tracks and artists. For that, we only use the tracks that
occurs more than 5, and the artists who appears more than 3. After
pruning, the number of tracks is 598,293 (26%) and the number of
artists is 155,942 (53%). The data sparsity is reduced to 99.9893%.
Although some information on playlists and their contents is lost,
the accuracy of our model does not affect much. For playlist titles,
we deal with 41 characters including 26 alphabets (a-z), 10 numbers
(0-9), and 5 special characters (/<>+-). The maximum length of a
title is set to 25. Titles with more than 25 characters are truncated.

Hyper-parameter setting. For both the autoencoder and the char-
CNN model, we use Adam optimizer, where β1 = 0.9, β2 = 0.999,
and learning rate η = 0.005 are configured. For the autoencoder,
the number of hidden dimensions is 256 and the mini-batch size is
250. For the charCNN model, the sizes of filters are 3, 5, 7, and 9
with 150 feature maps. The mini-batch size is 150.

4.2 Experimental Results
In our empirical study, we evaluate the proposed model in three
aspects: the effectiveness of the proposed autoencoder as oppose to
the existing autoencoder, the effects of ensemble methods toward
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the accurate prediction, and the effects of various dropout strategies
on the accurate prediction.

Advantage of the proposed autoencoder using artists.We com-
pared the proposed autoencoder against the classical autoencoder.
To focus on the effect of artist information, the same dropout strate-
gies are applied for both models. For the tasks with sequential
tracks, the dropout ratio is randomly chosen within [0.4,1.0) for
each mini-batch. After that, the forepart of the playlist is left and
denoted as First[0.4,1.0). For shuffled tracks, the dropout ratio is
chosen in [0.2, 0.5] for each mini-bath and tracks are randomly
selected in the playlist, denoted as Random[0.2,0.5). As reported in
Table 1, it is found that the proposed model using artists always
outperforms the baseline using the playlists only, over all tasks.
Specifically, when the number of input tracks is very small (e.g.,
1), our model shows about 9% improvement gain compared to the
baseline model. This is expected because an additional information
should be useful for predicting playlists with sparse tracks.In addi-
tion, our model is effective for both sequential and shuffled orders.
In other words, regardless of the order of tracks in the playlist,
artists can be helpful for addressing the popularity bias and the
cold-start problem.

Combination of two models. We evaluate how to blend two
models with different weights. We vary the importance I (Tp) of the
title. As observed in Table 2, it is the best accuracy when I (Tp) = 1.
The accuracy is decreased as the importance of title information
increases. Such tendency indicates that the role of the charCNN
should be limited not to interfere the prediction accuracy achieved
by autoencoder. Also, when the number of input tracks is very
small (e.g., 1), combining two models shows about 9% improvement
gain for the autoencoder only. Again, this means that the playlist
title is particularly useful for improving the prediction accuracy for
playlists with very few tracks.

Effect of dropout strategies. We evaluate how dropout strate-
gies affect the accuracy by adjusting the dropout ratios. Table 3
reports two dropout strategies with different ratios over all tasks.
One interesting observation is that an effective dropout strategy
depends on the order of input tracks. If the tracks are in order, the
sequential strategy shows a better accuracy than the random strat-
egy. (Exceptionally, First[1,50] denotes a dropout strategy where
the forepart of the playlist is left, and the number of input items is
randomly selected between 1 to 50.) In particular, when the number
of tracks is 25, it shows 16% gain. Meanwhile, for the shuffled order,
the random strategy is better than the other, i.e., 19% gain in case of
shuffle-100. This observation implies that the order of continuing
tracks highly influences the characteristics of the playlist. Next, we
observe that, the model with a lower dropout ratio tends to perform
better as the number of input tracks decreases. When the number
of tracks is 1, the dropout method with the range of [0.7, 1.0) is
the best. In contrast, the dropout method with [0.4,0.7] shows the
best accuracy over the other tasks. This indicates that the dropout
ratio should be chosen carefully depending on the number of in-
put tracks. In other words, it is necessary to develop an adaptive
dropout method that considers the number of tracks in the playlist.

5 CONCLUSION
In this paper, we develop a multimodal collaborative filtering model
to account for both playlists and their diverse contents. Specifically,
the proposed model consists of two collaborative filtering models:
(1) an autoencoder to interpret the characteristics of the playlist and
its artists and (2) a character-level convolutional neural network
to capture the hidden relationships between the playlist and its
text-based title. After learning the two model independently, we
devise an ensemble method that combines the two models for infer-
ence. Experimental results demonstrated that our model is effective
for alleivating the popularity-based and cold-start problem using
multimodal data.
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