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ABSTRACT
Sentiment analysis has attracted increasing attention recently
due to its potential wide applications in opinion analysis, recommendation system, etc. Visual-textual sentiment analysis
aims to improve the performance of sentiment analysis by
leveraging both visual and textual signals. In this paper, we
address the visual-textual sentiment analysis in product reviews. Our main contributions are two-fold. First, instead of
crawling data from Flickr or Twitter with positive and negative labels in existing works, we introduce a new dataset for
visual-textual sentiment analysis, termed as Product Reviews150K (PR-150K), which is collected from the product reviews of online shopping websites. Second, we propose a
deep Tucker fusion method for visual-textual sentiment analysis, which efficiently combines visual and textual deep representations based on the Tucker decomposition and a bilinear
pooling operation. Extensive experiments on our PR-150K,
MVSO, and VSO datasets show that our method outperforms
several state-of-the-art methods.

fusion strategies are vital for sentiment analysis performance.
Most of early methods are based on text information only, and
consider the task as a special case of text classification [2, 3, 4,
5, 7, 8]. Hu et al. [4] propose an unsupervised method which
leverages correlated emotional signals from social media for
sentiment analysis. Maas et al. [2] propose to use a mix of
unsupervised and supervised techniques to learn word vectors
which capture both semantic information and rich sentiment
content. Le et al. [7] propose to learn distributed representations for documents and utilize it to textual sentiment analysis. Several other sentiment analysis researches are based on
images only. Wang et al. [9] propose a Deep Coupled Adjective and Noun (DCAN) neural network for visual sentiment
classification. You et al. [10] present a Progressively Trained
Convolutional Neural Network (PCNN) for image sentiment
analysis, and transfer the model from Flickr images to Twitter images. Recent works address the sentiment analysis by
leveraging multimodal data such as texts, images, and acoustic information, which aim to improve traditional textual sentiment analysis. Inspired by the attention work in [11], You et
al. [6] present a tree-structured LSTM (T-LSTM) model for
visual-textual sentiment analysis, which treats visual and textual information jointly in a structural fashion. You et al. [12]
propose a cross-modality consistent regression (CCR) model,
which combines both the state-of-the-art visual and textual
sentiment analysis techniques. Chen et al. [13] also propose
to combine visual and textual deep neural networks with feature concatenation for sentiment analysis.
Though large progress has been made in visual-textual
sentiment analysis recently, most of the works [14, 15, 6] are
limited on social media data such as Twitter and Flickr, where
images are usually in good quality. In this paper, as the first
contribution, we introduce a new practical dataset, termed as
Product Reviews-150K (PR-150K), which is collected from
the product reviews of online shopping websites. PR-150K
consists of three categories (i.e. positive, neutral, and negative) with more than 150k manually-labeled image-text pairs.
Experts are asked to annotate PR-150K by carefully reading
texts and watching images. PR-150K is a very challenging
dataset due to that i) the ‘neutral’ images are very similar

Index Terms— sentiment analysis, product reviews,
tucker decomposition, DTF
1. INTRODUCTION
With the rapid development of the mobile Internet and mobile
devices, increasing people are willing to share their opinions
by uploading visual and textual information on social platforms and online shops, such as Twitter, Flickr, Ebay, Taobao,
etc. Sentiment analysis aims to categorize textual or other
information into several sentiment classes, such as positive,
negative, and neutral. Due to its potential wide applications
in opinion analysis and recommendation system, sentiment
analysis with textual and visual information has become a
highly active research area recently [1, 2, 3, 4, 5, 6].
Visual-textual sentiment analysis aims to leverage both
visual and textual information for accurate sentiment analysis. Texts and images are two main clues for sentiment analysis, thus visual representations, textual representations, and
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Fig. 1: Image-text pairs from PR-150K. Left: positive samples. Middle: neutral samples. Right: negative samples.
annotated by several experts with three sentiment classes, i.e.
positive, neutral, and negative, within two months. Some
image-text examples are illustrated in Figure 1, where the
Chinese review texts are translated by Youdao API3 . From
the visual information, we observe that only negative samples
have some characteristics (such as broken, dirty, etc) to distinguish from the other two classes. PR-150K is imbalanced
with ratio 7:1.5:1.5 in positive, neutral, and negative. Most
of the samples are positive which may be explained by that i)
people are more likely to write reviews for satisfied products,
and ii) sellers may encourage and reward customers who upload positive reviews. In addition, most of the reviews have
number of words ranging from 15 to 35.
Protocols. We randomly split the data in each sentiment
class to 8:2 for training and testing. Since PR-150K is imbalanced, we compute precision, recall for each category, and
report the average F1 score for our evaluation metrics.

with ‘positive’ and ii) images are usually in low quality since
they are captured casually by customers. Several previous
works [8, 16] also conduct sentiment analysis in product reviews, but they are limited in textual information.
To deal with the visual-textual sentiment analysis, we propose a deep Tucker fusion method as another contribution
in this paper, which efficiently combines visual and textual
deep representations based on the Tucker decomposition [17]
and a bilinear pooling operation. Bilinear pooling on visual
and textual features helps to learn high level associations between textual and visual information [18, 19], however, it suffers from huge dimensionality issues. To this end, our deep
Tucker fusion method factorises the pooling/fusion tensor using a Tucker decomposition module, which consists of several fully-connected layers and a smaller fusion tensor, to efficiently parametrize bilinear interactions.
We provide several baselines for the proposed PR-150K
dataset including several state-of-the-art image-based methods, text-based methods, and fusion methods. We extensively
evaluate the deep Tucker fusion method on both PR-150K and
the public MVSO (collected from Flickr) dataset. We achieve
state-of-the-art performance on MVSO and VSO, and also
show that the proposed PR-150K is more challenging than
these datasets collected from Flickr.

2.2. Our Visual-Textual Sentiment Analysis System and
Deep Tucker Fusion
Our framework of visual-textual sentiment analysis is shown
in Figure 2. It mainly consists of four modules, i.e. deep visual representation module, deep textual representation module, Tucker fusion module, and the final classifier.
Deep Tucker Fusion (DTF). We propose the Deep
Tucker Fusion (DTF) method to efficiently combine visual
and textual information for sentiment analysis. DTF is composed of a Tucker decomposition operation and a bilinear
pooling operation. Bilinear pooling [20] or second-order
pooling [21] is first introduced in image representations, and
is further extent to Visual Question Answering (VQA) for
jointly visual-textual representation learning [18, 19]. The
main issue with these bilinear pooling methods is related to
the number of parameters, which quickly becomes intractable
with respect to the input and output dimensions.
Let xv ∈ Rdv and xt ∈ Rdt denote the visual and textual
features, respectively. With a learned bilinear model T , we
obtain the final fusion representation xo ∈ Rdo as follows,

2. OUR DATASET AND APPROACH
In this section, we first introduce our PR-150K dataset in details, and then present our deep Tucker fusion method for
visual-textual sentiment analysis.
2.1. The PR-150K Dataset
Considering the practical application of product recommendation, we collect the Product Reviews-150K (PR-150K)
dataset by crawling images along with the texts in product
reviews from several online shopping websites including
VIPShop1 , Taobao2 , etc. The product reviews are mainly selected according to the product categories of these websites.In
total, PR-150K contains 90 product categories with 151,158
image-text pairs. All the image-text pairs of PR-150K are

xo = (T × 1 xv ) × 2 xt

1 www.vipshop.com
2 www.taobao.com

3 https://github.com/chenjiandongx/youdao-wd
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(1)

Fig. 2: Our visual-textual sentiment analysis system.
where T dv ×dt ×do is the fusion tensor, and ×i represent the
i − mode product between a tensor and a matrix.
With ResNet (pool5) for image and GRU for text, we
usually get dv = dt = 2048. Consequently, the full tensor T
becomes about 1010 when the output dimension do is 1024,
which is not practical due to limited memory and computation resources. To address the problem, we propose to apply
Tucker decomposition for the full tensor T . The Tucker
decomposition[17] decomposes the full tensor T dv ×dt ×do
into a set of matrices Wv , Wt , Wo and a small core tensor
Tc ∈ Rd1 ×d2 ×d3 :
T = ((Tc × 1 Wv ) × 2 Wt ) × 3 Wo ,

the corresponding ANP. We also use the same protocol with
[13] for evaluation.
3.2. Implementation Details
We implement our method based on Pytorch. For visual models, we initialize the learning rate (lr) to 10−3 , and divide it
by 10 after 5, 8 and 10 epochs. We stop training after 14
epochs. We use the SGD method for optimization with a
momentum of 0.9 and a weight decay of 10−3 . In training
phase, images are resized to 224 × 224 with random flipping.
We use ImageNet-pretrained models and finetune them on target datasets. We test the visual model on resized 224 × 224
images. For textual models, words are first embedded with
the ‘nn.embedding’ layer in Pytorch, and then processed by
GRU [22] or CNN [23]. For simplicity, we fix input text
length for training as 26 by default. We set the lr to 2 ×
10−4 , and use Adam [24] to optimize our model. For visualtextural fusion models, we first train both visual and textual
models separately, and then train the fusion module with the
same training settings as textual model training. Following
the common setting in VQA task of [19], the dimensions
(d1 , d2 , d3 ) for Tucker decomposition in Eq. (2) are set to
(2×d, d, d) with d = 310 by default.

(2)

where Wv ∈ Rdv ×d1 , Wt ∈ Rdt ×d2 , and Wo ∈ Rdo ×d3 .
Then we can rewrite Eq. (1) as follows,
xo = ((Tc ×1 (xv Wv )) ×2 (xt Wt )) ×3 Wo .

(3)

In practice, Wv , Wt , and Wo are identically fullyconnected layers. As for Tc , we factorise the last dimension,
and simply use d3 fully-connected layers with a summation
operation.
3. EXPERIMENTS
In this section, we first review two visual-textual public
datasets: MVSO [15] and VSO [14], and then make extensive evaluations with our deep Tucker fusion method on our
PR-150K and MVSO, and finally we validate our method on
MVSO and VSO with a comparison to the state of the arts.

3.3. Deep Tucker Fusion
We evaluate our deep Tucker fusion method in Figure 3 with
comparison to several popular fusion strategies, namely feature concatenation (concat), summation (sum), elementwise
multiplication (mul), score summation (late). The visual and
textual backbone networks are ResNet-101 and GRU-based
RNN model, respectively. ResNet-101 is pretrained on Imagenet [25], and the textual model is trained from scratch.
From Figure 3, our deep Tucker fusion method outperforms all the other fusion strategies in average F1 score on
both PR-150K and MVSO datasets. On PR-150K, we evaluate our method with both Chinese and English. On both languages, ‘concat’ method performs slightly worse than Tucker
fusion. Though translation from Chinese to English is unsatisfied in sentence level, the performance are very similar

3.1. Public Dataset
MVSO. The MVSO dataset consists of 15,600 concepts
in 12 different languages. These concept are defined as adjective and noun pairs (ANPs), which are crawled from Flickr.
Each ANP has hundreds of images and has a score to assess
the sentiment tendency. In this paper, we follow the protocol
in [13], which only use the English dataset for evaluation.
VSO. The VSO dataset contains millions of images collected by querying Flickr with thousands of ANPs. The sentiment label of each image is decided by sentiment polarity of
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Table 2: Comparison on VSO

Fig. 3: Comparison between deep Tucker fusion and other
popular fusion strategies. Left: PR-150K. Right: MVSO.
Table 1: Evaluation of visual and textual models on PR150K.
Text
pos.
neu.
neg.
avg.

CNN
0.863
0.234
0.760
0.620

GRU
0.845
0.245
0.760
0.617

Image
ResNet101
0.891
0.439
0.754
0.694

DRN105
0.889
0.451
0.756
0.699

Methods
visual-ResNet101
textual-GRU

Prec.
0.664
0.849

Rec.
0.655
0.832

F1 score
0.657
0.838

Deep Fusion [13]
PCNN [10]
T-LSTM [6]
Ours DTF (ResNet-101+GRU)

0.830
0.759
0.821
0.861

0.857
0.826
0.833
0.853

0.844
0.791
0.833
0.856

Table 3: Comparison on MVSO

Tucker fusion
SENet154 SENet154+CNN(GRU)
0.891
0.888 (0.898)
0.464
0.476 (0.465)
0.776
0.816 (0.836)
0.710
0.726 (0.733)

by using either Chinese or English. Our deep Tucker fusion
with English achieves the best F1 score, i.e. 0.7342. We will
use English for our PR-150K dataset in the remainder of this
paper. On MVSO, all the other fusion methods perform similarly and are inferior to our deep Tucker fusion method.
Visual and textual models. To select better models for
both visual and textual information, we evaluate three stateof-the-art visual CNN architectures including ResNet101 [26]
, SeNet154 [27], and DRN105 [28] and two popular textual
models, i.e. CNN [23] and a GRU recurrent model [22].
Table 1 shows the F1 scores of each category with different visual and textural models on PR-150K. For the textual models, the CNN model performs slightly better than the
GRU recurrent model. For the visual models, SENet154 outperforms ResNet101 by 1.6% and DRN105 performs on par
with ResNet101. Both DRN105 and SENet154 are built upon
ResNet architectures with elaborate design, while the DRN
architecture emphasizes large receptive fields without pooling and the SENet architecture enhances feature maps with
channel-wise attention. Having stronger models on visual
modality, we select SENet154 for visual model and conduct
deep Tucker fusion with both CNN and GRU textual models.
The last column of Table 1 shows that these fusion results
are slightly inferior to the default Tucker fusion setting where
ResNet101 and GRU are used. This may be explained by that
an overemphasis on visual modality (a stronger image model)
degrades the complementary of both modalities. We will use
ResNet101 for visual model and GRU for textual model in the
remainder of this paper.

Methods
visual-ResNet101
textual-GRU

Prec.
0.603
0.777

Rec.
0.602
0.769

F1 score
0.602
0.771

Deep Fusion [13]
Ours DTF (ResNet-101+GRU)

0.740
0.801

0.730
0.803

0.735
0.801

of studies on these two datasets. Table 2 and Table 3 show
the comparison between our method and several recent deep
learning based methods on VSO and MVSO, respectively.
On VSO, You et al. [6] use CNN-based image region features
and a T-LSTM [29] textual attention model for robust visualtextual sentiment analysis. Deep Fusion [13] applies CNN
models for both textual and visual modalities, and combines
both features by concatenation. On both dataset, compared
to word2vec embedding and CNN model in [13], our textual
model, i.e. Pytorch’s ‘nn.embedding’ for word embedding
and GRU-based RNN, gets more promising results. Overall, our method achieves the state-of-the-art results on both
datasets, which outperforms the best existing results on VSO
and MVSO by 1.2% and 6.6%, respectively.

4. CONCLUSION
In this paper, we address the visual-textual sentiment analysis
task with a novel deep Tucker fusion method . We introduce
a new dataset, termed as Product Reviews-150K (PR-150K),
for visual-textual sentiment analysis. We conduct extensive
experiments on our PR-150K, MVSO and VSO. Experimental results show that our deep Tucker fusion method outperforms most of popular fusion methods and achieves state-ofthe-art performance on both VSO and MVSO.
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We further validate our deep Tucker fusion method on two
popular visual-textual sentiment analysis datasets, namely
VSO and MVSO. To our knowledge, there are only a handful
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