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Visual sentiment analysis is attracting increasing attention with the rapidly growing amount of images uploaded to social networks. Learning rich visual representations often requires training deep convolutional
neural networks (CNNs) on massive manually labeled data, which is expensive or scarce especially for a
subjective task like visual sentiment analysis. Meanwhile, a large quantity of social images is quite available
yet noisy by querying social networks using the sentiment categories as keywords, where various types of
images related to the specific sentiment can be easily collected. In this article, we propose a multiple kernel
network for visual sentiment recognition, which learns representation from strongly- and weakly supervised
CNNs. Specifically, the weakly supervised deep model is trained using the large-scale data from social images,
whereas the strongly supervised deep model is fine tuned on the affecitve datasets with manual annotation.
We employ the multiple kernel scheme on the multiple layers of CNNs, which can automatically select the
discriminative representation by learning a linear combination from a set of pre-defined kernels. In addition,
we introduce a large-scale dataset collected from popular comics of various countries, such as America, Japan,
China, and France, which consists of 11,821 images with various artistic styles. Experimental results show
that the multiple kernel network achieves consistent improvements over the state-of-the-art methods on the
public affective datasets, as well as the newly established Comics dataset. The Comics dataset can be found
at http://cv.nankai.edu.cn/projects/Comic.
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1 INTRODUCTION
With the increasing popularity of online social networks, more and more users tend to express
their opinions through visual content such as images and videos. How to make machines perceive
human beings’ understanding toward the affective contents is significant due to its broad applications, such as opinion mining [49, 67], affective computing [1, 50], and entertainment [10, 22].
In the past few years, the convolutional neural network (CNN) has enabled robust and accurate
representation learning given massive manually labeled data [26], which in turn produces state-ofthe-art performance on various computer vision–related tasks, such as object recognition [19, 63],
object detection [41], and semantic segmentation [43]. The traditional CNN framework extracts
features from the topmost layer, which has the most discriminative ability for the concrete classification tasks [61]. However, recognizing the affective content of images [29, 59] is more challenging
for the following reasons.
First, the performance of the CNN highly depends on the amount of training data, and satisfactory performance can be achieved only when adequate samples are provided. However, most of
the well-labeled datasets introduced in this domain rarely contain more than thousands of samples. An exception is the Flickr and Instagram (FI) dataset [59] consisting of 23,308 images, which
is collected from 3 million web images, and 225 workers are employed for labeling. It is too laborand time consuming to obtain a well-labeled dataset that is large enough for training a robust
CNN, especially for the abstract and artistic images where expert knowledge is required. Second,
as visual sentiment analysis involves a higher level of subjectivity in the human recognition process [25], it is insufficient to use the topmost features to represent emotions. In fact, some studies
reveal that texture information is one of the most important elements related to visual emotion [29,
40], which can be reflected in the non-topmost layers.
We address the preceding problem via a multiple kernel network (MKN), which can learn representation leveraging the large-scale web data. Instead of collecting massive manually labeled
images, one solution is to query images from the social network using the sentiment categories as
keywords. As shown in Figure 1, although web images may be captioned or labeled imprecisely
while uploading, the large sources of visual sentiment content can enhance the generalizability
of the learned model. Specifically, we train a weakly supervised sentiment prediction model using the large-scale web images and fine tune a strongly supervised model based on the affective
datasets that are manually labeled. We employ the multiple kernel scheme on the non-topmost
layers of the weak and strong models, making full use of the spatial and semantic information for
visual sentiment prediction. We learn the essential information from different layers of CNNs by
a linear combination of a set of pre-defined kernels. To validate the generalizability of the weakly
supervised model, we also introduce a new dataset collected from a different domain of comics.
We collect images from popular comics of various countries, such as America, Japan, China, and
France, which results in 11,821 images of various artistic styles. Then 10 participants are employed
to label the comic images with eight sentiment categories in Mikels’ theory [32]. Exploring the relationship between sentiment and such an abstract scene can provide higher-level information for
bridging the semantic gap, which is also useful because it can bring convenience to the automatic
classification of digital comics.
Our contributions are summarized as follows. First, this article is the first to consider the multiple kernel scheme in the CNN framework for visual sentiment analysis. Instead of simply and
directly combining the multi-kernels and multiple features, we propose to automatically learn the
kernel coefficients of features from the weakly-and strongly supervised models for robust representation. Second, this work collects a large-scale Comics dataset from popular comics of various
countries, such as America, Japan, China, and France, which results in 11,821 images of various
artistic styles. Both quantitative and qualitative experimental evaluations demonstrate that the
ACM Trans. Multimedia Comput. Commun. Appl., Vol. 15, No. 3s, Article 96. Publication date: December 2019.

Learning Discriminative Sentiment Representation

96:3

Fig. 1. Samples with different annotation for the same sentiment. (a) The weakly labeled affective images
are queried from social websites using the sentiment category (i.e., fear) as the keyword. (b) The well-labeled
images are selected from the same category of the FI dataset [59]. The availability of the large-scale weakly
labeled images encourages us to exploit the web data to improve the performance of visual sentiment
prediction.

proposed algorithm performs favorably against the state-of-the-art classification methods on the
public affective datasets, as well as the newly established Comics dataset.
The rest of this article is organized as follows. Section 2 summarizes the related work on visual
sentiment analysis and the related CNN-based methods. Section 3 introduces the proposed MKN
for visual sentiment prediction. Section 4 analyzes the experimental results on both the popular
benchmark datasets and the collected dataset. Finally, Section 5 concludes the article.
2 RELATED WORK
2.1 Visual Sentiment Analysis
The literature on visual sentiment analysis can be roughly divided into dimensional space approaches [64] and categorical approaches [71]. The dimensional space approaches represent sentiment in a two or three-dimensional space, such as valance-arousal (VA) [2, 69] and valancearousal-dominance (VAD) [17]. The valence denotes the pleasantness ranging from happy to unhappy, and the arousal denotes the intensity of sentiment ranging from excited to calm, whereas
the dominance denotes the degree of control ranging from controlled to in control. The categorical approaches represent sentiments with a set of basic categories, such as Ekman’s six basic
emotions [12, 13] (i.e., happiness, sadness, disgust, anger, fear, and surprise) and Mikels’ eight
categories [32] (i.e., amusement, contentment, awesome, excitement, sadness, disgust, anger, and
fear). The categorical perspective has been widely applied in recent studies due to the intuitive
appeal [7, 28, 53].
In the early stage, several methods propose to design different handcrafted features [29, 65] for
predicting visual sentiment. For example, Machajdik and Hanbury [29] define a combination of
rich low-level features based on art and psychology theory, such as color, texture, composition, and
content. Zhao et al. [68] introduce more robust and invariant visual features designed according to
art principles, whereas Sartori et al. [42] exploit art theory concepts to infer the sentiments elicited
by abstract paintings based on the sparse group lasso approach. In the work of Lu et al. [27], shape
features are also proved to be of significance for sentiment prediction. As low-level information is
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limited in bridging the semantic gap between pixels and sentiment, both Yuan et al. [60] and Borth
et al. [3] propose mid-level representations for sentiment prediction. The former work proposes
Sentribute, an image-sentiment analysis algorithm based on 102 mid-level attributes, whereas the
latter designs a large-scale visual sentiment ontology based on adjective-noun pairs (ANPs) and
trains 1,200 visual detectors, namely SentiBank. Moreover, Chen et al. [9] model sentiment concepts based on six frequent objects (car, dog, dress, flower, face, food), proving that objects play
important roles in the affective presentation. Zhao et al. [70] combine both low- and mid-level
features into a multi-graph learning framework for affective image retrieval.
More recently, CNN-based approaches have also been applied to recognize sentiments and have
achieved significant advances. The existing CNN frameworks can be viewed as classification [4,
5, 34] or regression [37, 54, 56] models, which employ a softmax loss to maximize the probability
of the correct class or Euclidean loss to minimize the difference of the squares between the prediction and the ground truth. For the classification task, Chen et al. [8] train a deep CNN model
named DeepSentiBank on Caffe [23], which improves the results on both annotation accuracy and
retrieval performance. You et al. [59] further train deep models on a well-labeled dataset, which is
collected from 3 million weakly labeled Flickr and Instagram images. In the work of Rao et al. [40],
a multi-level deep network (MldeNet) is proposed to unify both low- and high-level information
in well-labeled images. Zhu et al. [73] further propose a unified CNN-RNN framework that learns
different levels of features and integrates them by exploring the dependencies. He and Zhang [21]
introduce an assisted learning strategy in the CNN training to boost recognition performance,
which is composed of a binary positive-or-negative emotion network and a deep network to recognize the specific emotion of an image. In addition, different from improving whole image representations using a CNN, there are several methods proving that sentiments of some images are
much related to local salient regions [14, 45, 72]. You et al. [57] present the attention model to learn
the correspondence between local image regions and the sentimental visual attributes. Limited by
the visual attribute detector, such local features on visual sentiment analysis is not significant. Sun
et al. [47] and Yang et al. [55] propose a framework to discover the affective regions and combine
the local information with the global representation for sentiment analysis. Furthermore, an endto-end framework is proposed in the work of Yang et al. [52] to detect the sentiment regions in
a weakly supervised manner, which is then coupled with the global feature maps for sentiment
recognition. General surveys are provided in other works [62, 66].
However, the existing CNN methods are trained on the well-labeled affective datasets with limited scale. Table 1 shows the statistics of the popular affective datasets, which are divided according
to different types of labeling. As can be seen, most datasets include limited data compared to the
Flickr dataset [3], including IAPSa, ArtPhoto, Abstract Paintings [29], Twitter I [58], Twitter II [3],
and Emotion6 [37]. The IAPSa dataset includes 246 images selected from IAPS, which are labeled by
60 participants. The ArtPhoto dataset includes 806 artistic photographs from a photo-sharing site,
the labels of which are determined by the artist who uploaded the photo. And the Abstract dataset
consists of 230 peers who vote for the abstract paintings without contextual content. The Twitter
I and Twitter II datasets are collected from the social websites and labeled with sentiment polarity
categories by AMT participants, which consist of 1,269 and 603 images, respectively. The Emotion6
dataset is created for a sentiment prediction benchmark, which is assembled from Flickr resulting
in 1,980 images labeled with six sentiment categories. The FI dataset contains about 90,000 noisy
images by querying the emotional keywords from the social platform (e.g., FI). And 225 Amazon
Mechanical Turk (AMT) workers, selected through a qualification test, are employed to vote for
the keyword representing images, resulting in 23,308 images receiving at least three agreements.
The number of images in each class is larger than 1,000. The Flickr dataset is constructed by retrieving the Flickr creative common images for the 3,000 ANPs after excluding the images that do
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Table 1. Statistics of the Available Affective Datasets, Which Are Divided
According to Different Labeling Supervision
Annotation Type

Strongly supervised

Weakly supervised

Dataset
IAPSa [29]
ArtPhoto [29]
Abstract Paintings [29]
Twitter I [58]
Twitter II [3]
Emotion6 [37]
Flickr and Instagram [59]
Flickr [3]

Class Number
8
8
8
2
2
6
8
2

Images Number
395
806
228
1,269
596
1,980
23,308
484,222

Voter Number
60*
1
230*
5
3
5
225*
0

Note: The dataset size and annotation voters number are also shown. Here, ‘*’ denotes the total voter number. Note
that ArtPhoto is labeled by the artist who uploads the image to the art-sharing website. The weakly labeled Flickr
dataset is collected via the search engine.

not contain the ANP string in the title, tag, or description, resulting in about 500,000 images for
1,553 ANPs.
Due to lack of data, several methods are proposed to utilize web images by filtering the noisy
data [51, 58]. You et al. [58] propose a novel progressive CNN architecture to make use of the noisy
machine labeled Flickr dataset, and they suggest that leveraging a larger weakly labeled dataset
can raise the generalizability of the deep model. Wu et al. [51] propose to refine the dataset from
the social network based on the sentiments of ANPs and tags. Different from the previous work,
this work incorporates the MKL scheme for learning the discriminative representation from the
weakly supervised model trained on the web data.
2.2

Combining the CNNs and Kernel Methods

The existing works for sentiment prediction use either pixel-level features or utilize CNNs as a
generic feature extractor, which does not take advantage of the influence of different layers. Several
works have investigated using CNN-related features from multiple layers in computer vision tasks.
In these works, the activations from certain layers are used as descriptors by concatenating [35] or
pooling [16, 18]. Peng and Chen [36] utilize multi-scale CNNs to extract the features with different
scales for the task of interest that is label inheritable. Gao et al. [15] propose to combine features
from different models, where the pooling operation contributes to dimensional reduction, which
leads to less memory consumption.
Several attempts have been made in the past to unify the kernel methods and the potentially
attractive features from deep networks. Cho and Saul [11] first introduce the concept with the
arc-cosine kernel, which admits an integral representation that can be interpreted as a one-layer
neural network with random weights and an infinite number of rectified linear units. Then, hierarchical kernel descriptors and convolutional kernel networks extend a similar idea in the context
of images leading to unsupervised representations [30]. The backpropagation algorithm for the
Fisher kernel introduced in the work of Sydorov et al. [48] learns the parameters of a Gaussian
mixture model with supervision, which requires a probabilistic model and learns parameters at
several layers. Multiple kernel learning (MKL) [46, 74] provides techniques to select a combination of kernels from a pre-defined collection and reflects the fact that typical learning problems
often involve multiple, heterogeneous data sources. Poria et al. [38] propose a multi-modal affective data analysis framework and employ MKL to combine different modalities. In addition,
Jiu and Sahbi [24] propose a deep kernel framework for classification, focusing on selecting an
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96:6

D. She et al.

Fig. 2. Overview of the proposed MKN. We first train the strongly- and weakly supervised models based on
the manually labeled affective dataset and a large-scale web dataset from the social network, respectively.
Both models adopt the VGGNet architecture. Then, features from the multiple layers of both models are
organized as the alternatives { fm }. Three pooling strategies are employed to approximately transform fm
to G ( fm ), avoiding calculating the massive wm in Equation (5). Thus, the sentiment representation can be
obtained adopting the multi-kernel scheme on the alternatives for visual sentiment prediction.

appropriate kernel by a multi-layered linear combination of activation functions. However, such a
method is based on traditional visual features (e.g., SIFT, GIST, LBP) as the fixed input data, which
is sub-optimal because the extracted features do not consider sentiment semantics during learning.
Different from the previous work, we leverage different models trained on both a well-labeled
dataset and large-scale web data. We propose to join supervised neural units with the weakly
supervised representation. A simple way to combine different representation is concatenating features, which preserves information captured by different models to some extent. However, redundancy may occur at the same time. Inspired by the kernel methods, we develop the algorithm to
select the specific neural units crossing layers, which avoids redundancy and is able to conserve
useful information hidden in various features.
3

METHODOLOGY

Figure 2 illustrates the framework of the proposed MKN for learning sentiment representation
from strongly- and weakly supervised CNNs. Specifically, we employ the CNN architecture as the
basic models for both strongly- and weakly supervised deep models. Then, the strongly supervised
CNN model is fine tuned with the manually labeled affective dataset, whereas the weakly supervised CNN model is trained using the large-scale social images with noisy labels. Our proposed
MKN takes multiple layers from both strongly- and weakly supervised models as an alternative
and then automatically selects the discriminative representation by learning a linear combination
of a set of pre-defined kernels.
3.1 Traditional MKL
In computer vision, the problem of learning a multi-class classifier from training data is often
addressed by means of kernel methods. Kernel methods utilize kernel function defining a measure
of similarity between pairs of instances. For a kernel function K (x, x  ) between real vectors, it
actually plays several roles: it defines the similarity between two example x and x  while defining
an appropriate regularization term for the learning problem. A common approach is to consider
that the kernel K (·, ·) is actually a convex linear combination of other basis kernels:

dm km (x, x  ).
(1)
K (x, x  ) =
m=1
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ALGORITHM 1: Approximate Solution for the MKN
Input: X = {x 1 , x 2 , . . . x N } is a set of images in size 227 × 227
Y = {y1 , y2 , . . . y N } denotes the sentiment labels of X
Model is a fine-tuned CNN model
Pass x i through the Model from the second layer to the last layer
Organize features from different selected layers and models as set{ fm }, m = 1, . . . , F .
for m from 1 to F do
Kernel selection: {Gaussian, Poly, Linear , Siдmoid }
Let km (x, x  ) = k (G ( fm (x )), G ( fm (x  ))
Calculate βm in Equation (4) using SILP and then get K (x, x  ).
end for
Training multi-kernel SVM with K (x, x  ).
yˆ j ←the predicted label corresponding to the j-th image x j in testing set X  ;
Yˆ ← the predicted labels corresponding to X  .

For kernel algorithms, the solution of the learning problem is of the following form:
f (x ) =

l


α i∗yi K (x, x i ) + b ∗ ,

(2)

i=1
N are the training examples and N denotes the number of the learning examples.
where {x i , yi }i=1
Here, K (·, ·) is a chosen positive definite kernel, and {ai∗ }, b ∗ are some coefficients to be learned
from examples. Thus, learning both the coefficients α i and the weighted dk in a single optimization
problem is known as the MKL problem.
For the learning algorithms, we use the MKL-SILP [46] implementation of the original authors
available at http://www.shogun-toolbox.org.

3.2 Problem Formulation
For each instance, different layers of weakly- and strongly supervised CNNs are used to generate
distinct representations. In this work, we choose features from both pooling and fully connected
layers, called { fm }m=1, ..., F , where F is the number of the selected layers. Then, we define dm =
lm × lm × nm to represent the dimensionality of fm , where lm is the size of the feature map and
nm denotes the number of feature maps in fm . To make full use of different aspects of different
features, we use kernel method for feature combination.
For the m-th feature, the relationship between two samples is defined by
km (x, x  ) = k ( fm (x ), fm (x  )),

(3)

where k corresponds to a specific function, such as Gaussian function, and kernel km : χ × χ →
R calculates the similarity with respect to the m-th feature. Therefore, we can combine several
kernels into a single model K (x, x  ) for feature set { fm }:
K (x, x  ) =

F


βm km (G ( fm (x )), G ( fm (x  ))),

(4)

m=1

F

where coefficients βm satisfy the constraint m=1
βm = 1. G : Rdm → Rdm represents a non-linear

  d . G is defined by
map function that maps fm to another space Rdm , where dm
m


G ( fm (x )) = fm (x ), wm ,
(5)
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where wm denotes weights. The features extracted from different layers of CNNs are usually with
high dimensions and sparsity. In this work, G help transform the deep features, making them
clearer and less redundant. As a result, the feature space is condensed.
Given a training set {(x i , yi )}i=1, ..., N of N instances consisting of an image x i ∈ χ and a sentiment label yi ∈ {1, . . . , C}, our aim is to learn a discriminative representation for sentiment classification.
3.3

Approximate Solution

However, the wm in map function G rely on the characteristics of the m-th layer, and the joint
learning of βm and wm in Equation (4) is difficult [46]. To deal with this problem, we replace the
calculation of wm with relaxed methods and then optimize βm . Since the feature maps of convolutional layers contain many 0 elements, the relaxed methods are used to pick out the useful
neural units. In this work, three kinds of pooling strategies—random pooling, sum pooling, and
max pooling—are employed.
Random pooling G R means that we randomly select one element from each feature map as its
representation. The network employing random pooling is named as MKN_R in our work. G R is
defined as
q
(6)
G R ( fm (x )) = [r fm (x )r T ]q=1,2, ...,nm ,
q

where fm (x ) is the q-th feature map of the m-th selected layer. q ranges from 1 to nm , and r ∈ Rlm
is a vector whose elements are defined as

1, i = random(lm )
(7)
ri =
0,
otherwise
where random(lm ) randomly selects a location i in the vector r and sets the corresponding element
r i as 1. Other elements in r are set to 0. Finally, G R generates a new nm -dimensional feature vector
to represent fm (x ).
Similarly, the network employing sum pooling is named as MKN_M, where sum pooling G S
indicates that each feature map is represented by the sum of all of its unit values. G S is defined as
⎡⎢
⎤⎥
lm 
lm
q
G S ( fm (x )) = ⎢⎢⎢
( fm )i j ⎥⎥⎥
.
(8)
⎢⎣ i=1 j=1
⎥⎦
q=1,2, ...,nm
The network employing max pooling is named as MKN_M, where max pooling G M indicates
that each feature map is represented by the maximum value of its units. G M is defined as

q
G M ( fm (x )) =
max ( fm )i j
.
(9)
1i, jlm

q=1,2, ...,nm

The three “degradation” strategies—random, sum, and max operation—can simplify Equation (4)
into an easily solved solution. Here, βm can be computable by an existing kernel method, such as
SimpleMKL [39]. In this work, SILP [46] is employed to calculate βm . To validate the effectiveness of our methods, we also use several combinations of classical kernels to dynamically select
sensitive units from the feature maps, such as Polynomial, Gaussian, Linear, and Sigmoid. Our
proposed algorithm is summarized in Algorithm 1. We have compared the performance of the
preceding three strategies in Section 4. Despite that our method is an approximate solution, it can
dynamically find important neural units for sentiment analysis from the multi-scale feature maps.
3.4 Computational Complexity
In traditional MKL algorithms, the complexity is tied to the one of the single kernel SVM algorithm.
Thus, given the dataset with N samples, the computational complexity of the proposed Algorithm 1
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is of the order of F · n2SV , where n SV < N denotes the number of support vectors and F is the
number of features. Here, since we have F << N , the complexity of Algorithm 1 is O(N 2 ).
4 EXPERIMENTS
In this section, we present the experiments and evaluate our method against the state-of-the-art
approaches to validate the effectiveness of the MKN for sentiment analysis.
4.1 Experiment Setup
We evaluate our proposed method with two datasets, including the Flickr dataset [3] and the FI
dataset [59]. Then [59], we randomly split FI into 80% training, 5% validation, and 15% testing sets.
In this work, the deep CNNs are pre-trained in a fully supervised way on the large-scale annotated
dataset for image classification [44]. Then, we employ the same strategies to transfer the learned
parameters to the task of sentiment analysis. We first fine tune VGGNet [44] on half a million
web Flickr images in a weakly supervised way. The 1,000-way fc8 classification layer is replaced
by a 2-way due to the binary classification task. This model addresses the weakly labeled nature
of the dataset, which by using we can capture more kinds of interests from emotional images.
Meanwhile, we fine tune VGGNet on the FI dataset as our strongly supervised model, where the last
layer is changed to 8-way since the dataset is labeled into eight emotional categories. Both models
run 100,000 iterations to update the parameters. Starting from VGGNet, we resize the images to
224 × 224 required by the network and pass it through different CNNs models. To evaluate the
performance of the non-topmost and the topmost layers for sentiment classification, we also train
classifiers based on the features extracted from the single model using LIBSVM [6]. For each layer,
we simply consider the output as a compact feature vector and employ the one v.s. all strategy
following the same routine of previous work [29].
4.2 Results on the FI Dataset
Table 2 shows the performance of the current state-of-the-art methods on the FI dataset. The “ft”
refers to fine tuning the pre-trained model on the FI dataset.
It is obvious that VGGNet performs better than CaffeNet with the help of deeper layers and
more parameters. In addition, ImageNet is useful for the boosting of performance and consistent
with the expectation. Compared to the method proposed by Chen et al. [8], our method is able to
generate the robust representation of the image sentiment and describe the sentiment distribution.
Apart from it, You et al. [58] propose the promising way of using lots of web images and train the
robust model. However, our method can dynamically select the neural unit of the feature map and
get rid of the noisy web images. The proposed method can mine the useful features from both
models and boost the results. To further analyze the effectiveness of our method, we discuss the
different aspects containing the different layers of both models and different combinations in the
following sections. To mine the information from the weakly model, we discuss how to make full
use of the weakly labeled data in the next section.
4.3 Different Layers and Models
Figure 3 summarizes the performance of different layers’ output on the 15% testing set of FI, including the fifth pooling layer and the following two fully connected layers, called pool5, fc6, fc7,
respectively. In addition, we also compare the results of simply concatenating the earlier layer and
the fully connected layer based on different models. For example, pool5 + fc7 represents concatenating the features of the fifth pooling layer and the fully connected layer.
ACM Trans. Multimedia Comput. Commun. Appl., Vol. 15, No. 3s, Article 96. Publication date: December 2019.
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Table 2. Performance of Our
Methods on the FI Dataset

Methods
CaffeNet [23]
CaffeNet + ft
VGGNet [44]
VGGNet + ft
ResNet [20]
ResNet + ft
DeepSentiBank [8]
PCNN (CaffeNet) [58]
PCNN (VGGNet) [58]
MKN_R
MKN_M
MKN_S

Acc. (%)
46.28
56.79
54.10
59.61
50.01
61.82
51.54
46.09
55.24
61.75
63.92
63.76

Note: Here, “ft” refers to fine tuning the
model.

Fig. 3. Performance comparison of using different layers (pool5, fc6, fc7) for visual sentiment classification.
“pool5+fc6” and “pool5+fc7” mean concatenating the pool5 with the fully connected layers. The mixed model
refers to the model trained on the combination of well-labeled and weakly labeled data. The results of the
mixed model underperforming the strong model indicates that the combination of data does not work well
in this task and kernel methods are needed.

Different layers. For the weakly- and strongly supervised models, the fc7 features perform
better than the earlier layers, and the overall accuracy of the strong model is about 59%. However, the concatenating of pooling and fully connected layers is better than using a single layer
only, which demonstrates that the earlier layer is necessary for image sentiment analysis. The features from the earlier layers are related to the lower-level information, whereas the latter layers
correspond to the specific task.
Different models. As shown in Figure 3, the weakly supervised model individually has limited
ability for sentiment prediction compared to the strong model. It is natural because the weakly
supervised model is trained based on the large-scale web images, which contain a lot of noises.
However, as shown in Table 3, combining the output from the earlier layer with the fully connected
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Table 3. Classification Accuracy of Multi-Scale Features Using a Supervised Model (“S”) and a
Weakly Supervised Model (“W”) on the 15% Randomly Chosen Testing Data

S
√

Pool1
W

Pool2
S W
√

√

√

√
√

√

√

√

√

√

Pool3
S W

√

√
√
√

√

√
√
√

Pool4
S W

√

√
√
√
√

√
√

Pool5
S W

√
√

√
√
√
√
√
√
√

√
√
√
√
√

FC7
S W
√
√
√
√
√
√
√
√
√
√ √
√
√
√

MKN_R MKN_M MKN_S
60.52
61.11
61.60
61.73
61.58
60.82
61.55
61.68
61.67
61.69
61.65
61.72
61.75

61.36
61.55
61.64
61.87
62.14
61.73
61.99
62.29
62.49
62.50
62.89
63.05
63.92

61.52
61.40
61.81
62.14
62.17
61.87
62.19
62.44
62.28
62.27
62.56
62.97
63.76

Note: “MKN_R,” “MKN_M,” and “MKN_S” indicate using random pooling, max pooling, and sum pooling to select
sensitive neural units from feature maps, respectively.

layer brings an improvement of the accuracy on both models. It shows that the weakly supervised
model can be useful for the sentiment classification task, and we will discuss how to combine it
with a strong model in the next section. Since that fc6 and fc7 layers have similar impact on the
combination, the following experiments will only use fc7 to represent the fully connected layer in
default.
4.4 Different Combinations
In this section, our aim is to investigate how to combine both models to generate robust sentiment
representations.
We employ the proposed Algorithm 1 to aggregate the feature maps across all locations for
the supervised model. We first choose the suitable kernel for each layer, and it turns out that the
Gaussian kernel is the most beneficial compared to others. Then, three pooling strategies (i.e.,
MKL_R, MKL_S, MKL_M) are employed for comparison. Moreover, the multi-scale feature maps
extracted from different convolutional layers are combined in different strategies, and the results
are shown in the first eight rows of Table 3.
The first observation from Table 3 is that a multi-kernel combination of non-topmost layers
with the fc7 layer brings improvement for sentiment prediction, which also performs better than
the concatenating way. As for the non-topmost layer, deeper neural units of the pooling layer are
more discriminative while combined with fc7 for classification. The combination of pool3, pool4,
pool5, and fc7 achieves 62.29% on MKN_M and 62.44% on MKN_S, respectively. It proves that
our method can extract more representative features for sentiment analysis when only the strong
model is applied.
Then, both the weakly- and strongly supervised neural networks are employed in our proposed
multi-kernel method, and the results are summarized in the last five rows of Table 3. It is interesting
to find that with the help of the model trained on the weakly labeled dataset, our method (63.92%)
outperforms employing the strong model individually (59.61%) by a wide margin. Compared to
the algorithm using the strong model individually, fc7 from the weakly supervised model has
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Table 4. Performance of Three “Degradation”
Strategies on the 15% Randomly Chosen Testing
Set on the FI Dataset

Layer
pool1
pool2
pool3
pool4
pool5
pool1 + fc7
pool2 + fc7
pool3 + fc7
pool4 + fc7
pool5 + fc7

Dimension
64
128
256
512
512
564
628
756
1012
1012

RP
27.03
27.73
32.67
38.83
45.08
59.79
59.35
58.94
59.32
59.44

MP
36.48
41.06
46.52
53.53
58.53
60.99
60.89
60.82
60.76
61.11

SP
35.87
42.74
48.61
55.74
60.19
60.87
60.98
60.99
60.87
60.64

Note: “RP,” “MP,” and “SP” denote random pooling, max pooling,
and sum pooling, respectively.

Table 5. Classification Accuracy of Multi-Scale Features Using the Mixed Model
on the 15% Randomly Chosen FI Testing Data

Model

Pool1

Pool2

Pool3

Pool4

√

√
√
√

√
√

√
Mixed model

√

Pool5
√
√
√
√

FC7
√
√
√
√

MKN_R
58.75
58.81
58.88
58.97

MKN_M
59.87
59.15
59.97
61.53

MKN_S
59.98
59.32
60.26
61.87

Note: “MKN_R,” “MKN_M,” and “MKN_S” indicate using random pooling, max pooling, and sum pooling, respectively, to
select sensitive neural units from feature maps. Here, the mixed model denotes training with all data.

fewer effects on the accuracy. Therefore, we propose to take the pooling layers from the weakly
supervised model into consideration. The overall accuracy of MKN_M and MKN_S outperforms
MKN_R, which proves that choosing the neural units with specific filters is better for sentiment
analysis.
To validate the effectiveness of the three strategies for picking the efficient emotion, we also
show the results of directly using LIBSVM trained on the selected feature maps instead of employing our MKN method. Table 4 summarizes the results. For using the single layer from the strong
model trained on the FI dataset, the random pooling provides a baseline for the comparison, and
the max and sum pooling achieve higher accuracy with the pooling features of deeper layers. When
combined with the last fully connected layer, the performance of all three strategies is better than
using the non-topmost layer only.
In addition, we train a mixed model based on both the well-labeled and weakly labeled samples.
Table 5 shows that it outperforms the weakly supervised model and underperforms the strong
model, which demonstrates that it is less efficient to directly combine samples from different
sources together.
4.5 Results on the Comics Dataset
In contrast to the FI dataset in which the images are usually uploaded by web users and captured
for the natural scene and people, we build a new Comics dataset to demonstrate that our proposed
method also works well on abstract and artistic images.
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Table 6. Statistics of the Traditional Affective Datasets (i.e., IAPSa, ArtPhoto, Abstract Paintings)
and the Collected Comics Dataset
Datasets

Amusement

Awe

Contentment

Excitement

Anger

Disgust

Fear

Sadness

Sum

IAPSa
ArtPhoto

37
101

54
102

63
70

55
105

8
77

74
70

42
115

62
166

395
806

25
2,005
308
1,697

15
449
481
1,295

64
2,446
107
342

36
900
850
1,596

3
1,776
368
461

18
829
458
442

36
2,137
917
1,220

32
1,279
272
1,007

229
11,821
3,761
8,060

Abstract Paintings
Comics
Comic set
Manga set

Note: The number of images per emotional category of the Comic and Manga subsets are also given. Compared with the
others, our collected Comics dataset is multiple times larger.

Table 7. Performance Comparison with the State-of-the-Art Algorithms
on the Proposed Comics Dataset
Method

Amuse

Awe

Content

Excite

Anger

Disgust

Fear

Sad

All

GIST [33]
SentiBank [3]
CaffeNet [44]

23.03
38.40
36.00

11.35
42.70
27.94

38.29
30.88
33.88

6.75
20.56
13.33

10.03
30.90
27.44

20.98
26.51
19.35

50.21
29.44
33.71

9.53
21.18
28.08

27.75
30.20
30.51

CaffeNet + ft
VGGNet [44]
VGGNet + ft

46.88
47.56
50.23

57.78
58.21
59.31

32.24
38.32
45.16

22.22
22.66
20.95

37.18
39.01
43.87

35.54
35.86
38.94

30.61
32.19
32.72

21.09
20.75
26.19

34.40
36.37
39.78

DeepSentiBank [8]
PCNN(CaffeNet) [58]
PCNN(VGGNet) [58]
MKN_R (ours)

55.00
36.41
44.33
56.67

35.29
38.33
50.00
48.53

51.09
36.62
42.62
46.72

11.85
17.47
15.56
20.00

15.41
29.86
31.58
43.23

3.23
23.02
22.58
20.97

55.45
40.60
38.94
50.78

8.85
23.27
23.96
29.69

35.67
32.50
35.38
43.02

MKN_M (ours)
MKN_S (ours)

53.47
59.62

60.87
43.34

49.59
50.54

17.78
18.82

44.32
42.41

38.10
18.85

51.40
53.82

23.81
31.23

44.26
44.45

Following the emotional definition system derived from psychological study [32], we construct
a well-labeled Comics dataset, using Amusement,Awe,Contentment, andExcitement as positive emotions, and Anger,Disgust,Fear, andSadness as negative emotions. These categories also correspond
to the list of basic emotions that can be visualized in comics [31]. Started from popular comics of
various countries, such as America, Japan, China, and France, about 70 comics are selected as our
candidates, such as Sponge Bob, Spiderman, The Avengers, One Piece, and Slam Dunk. Next, 10
workers are chosen as the participants (5 females and 5 males; mean age = 20.3), who view comics
and then cut out the panels corresponding to one of the emotional categories. Finally, a total of
11,821 comic images are selected and roughly divided into Comic and Manga subsets. The statistics of the Comics datasets are shown in Table 6. Figure 4 shows the samples from the collected
dataset. The former is composed of European and American comics that are drawn in realistic
style, whereas the latter is from Asian comics mostly consisting of abstract lines. These images
vary in appearance and style, but all convey obvious emotions.
The Comics dataset is randomly split into subsets for training (80%), testing (15%), and validating
(5%), in which the training set is used to fine tune the strongly supervised model. Similar to the
experiments on the FI dataset, the Flickr dataset is used to train the weakly supervised model.
We evaluate the performance of the state-of-the-art algorithms and the proposed method on the
testing set. The results are summarized in Table 7. Compared to the low-level features, the deep
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Fig. 4. Examples of the proposed Comics dataset. The first group (top rows) shows images collected from
Asian comics, consisting of an abundance of lines. The second group (bottom rows) shows images from
European and American comics, which are more realistic and exquisite.

CNNs show a great advantage. The traditional simple color and texture features are not enough
for predicting emotions in comic images. After fine tuning, the performance of the CNN model
is improved to 39.78% on VGGNet. Since our method can generate more representative sentiment
features for images, it achieves the best result (44.45%). We also train a mixed model on all weaklyand well-labeled data. As shown in Table 8, the combination of training data does not perform as
well as the combination of strongly- and weakly supervised models.
4.6 Visualization
Figure 5 shows examples from the FI and Comics datasets and the average feature maps from the
corresponding strong model and the weakly supervised model. The response locations are also
shown in the last two columns.
For different images, the neurons corresponding to strongly- and weakly supervised models
focus on different regions. It is natural that the models are trained based on different samples.
Furthermore, the weakly supervised model can discover some sentiment regions that the strong
model may ignore. The proposed method captures these different responses from both models and
further extracts discriminative representations for sentiment analysis.
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Table 8. Performance of Different Layers from Different Models on the Comics Dataset
Model

Amuse

Awe

Content

Excite

Anger

Disgust

Fear

Sad

All

pool5

Layer

46.10

42.65

40.98

12.59

38.72

16.94

41.74

28.65

36.51

Strongly model

fc6
fc7

47.67
50.23

51.47
59.31

43.44
45.16

15.56
20.95

36.09
43.87

26.61
38.94

41.74
32.72

26.04
26.19

37.87
39.78

Weakly model

pool5 + fc6
pool5 + fc7
pool5
fc6
fc7

49.67
50.33
43.07
47.33
44.33

51.47
48.53
44.12
51.47
45.59

43.17
43.44
39.89
46.45
44.54

14.81
14.81
20.03
14.81
14.81

35.71
38.35
30.45
35.34
31.20

25.00
25.81
12.90
14.52
12.10

45.17
43.30
46.42
47.04
42.68

31.77
31.25
25.10
25.03
22.40

39.16
39.28
35.33
38.26
35.27

Mixed model

pool5 + fc6
pool5 + fc7
pool5
fc6
fc7

48.15
49.52
43.07
49.67
50.33

48.53
52.94
44.12
47.06
44.12

41.53
45.36
39.89
40.44
45.08

17.78
14.07
21.13
20.74
11.85

33.83
33.46
30.45
31.95
27.07

17.74
16.13
12.90
16.13
7.26

42.68
42.37
46.42
43.30
46.11

21.88
22.92
25.64
25.52
19.58

36.34
37.08
35.33
36.68
35.93

pool5 + fc6
pool5 + fc7

44.67
50.33

42.65
48.53

42.90
40.71

19.26
20.03

33.46
32.71

14.52
19.35

45.79
41.43

25.07
24.48

36.57
36.74

Note: Here, the strong model is trained on the Comics dataset, and the weakly supervised model is trained on the
machine-generated Flickr dataset. The mixed model denotes training with all data.

Fig. 5. Examples show that the responses from the same layer (pool5) are complementary in different models.

ACM Trans. Multimedia Comput. Commun. Appl., Vol. 15, No. 3s, Article 96. Publication date: December 2019.

96:16

D. She et al.

5 CONCLUSION
In this article, we introduce the challenging problem of visual sentiment prediction. Since such
abstract tasks adopted in the CNN framework have constraints, this work designs a multiple kernel method taking both strongly- and weakly supervised models into consideration. We propose
an approximate solution to dynamically find the important neural units from the multi-scale feature maps. The extensive experiments on benchmark datasets and the newly established Comics
dataset show the superiority of our method.
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