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Abstract

In this paper, we introduce a multi-modal sentence
summarization task that produces a short summa-
ry from a pair of sentence and image. This task is
more challenging than sentence summarization. It
not only needs to effectively incorporate visual fea-
tures into standard text summarization framework,
but also requires to avoid noise of image. To this
end, we propose a modality-based attention mech-
anism to pay different attention to image patches
and text units, and we design image filters to selec-
tively use visual information to enhance the seman-
tics of the input sentence. We construct a multi-
modal sentence summarization dataset and exten-
sive experiments on this dataset demonstrate that
our models significantly outperform conventional
models which only employ text as input. Further
analyses suggest that sentence summarization task
can benefit from visually grounded representations
from a variety of aspects.

1 Introduction
Sentence summarization is a well-studied task that creates a
condensed version of a long sentence. Sequence-to-sequence
(seq2seq) model that encodes a source sequence into a latent
representation and outputs another sequence is the dominat-
ing framework for sentence summarization [Rush et al., 2015;
Takase et al., 2016; Zhou et al., 2017; Li et al., 2017b]. In-
tuitively, readers can easier grasp the gist of the event by s-
canning the image than by reading long sentences, and thus
we believe that the image will also reduce the difficulty for
machine to understand a news event [Li et al., 2017a]. As
shown in Figure 1, the two source sentences contain complex
details and multiple event objects, leading to unsatisfactory
summaries using the text-only model. However, it is easy to
see that the paired images visualize the event highlights which
can help to produce better summaries. To explore the effec-
tiveness of images, we introduce in this work a new multi-
modal sentence summarization (MMSS) task that generates a
short summary based on a pair of sentence and image.

Source sentence: a house explosion rocked a 
neighborhood in eastern maryland , killing a gas utility 
worker and injuring four residents and ## firefighters .
Reference summary: house explosion in maryland kills 
gas worker injures ##
Text-only model: gas explosion in us kills gas explosion
Multi-modal model: house explosion rocks maryland 
killing ##
Source sentence: the flood death toll in southern malaysia 
has risen to ## , an official said thursday .
Reference summary: flood death toll rises to ## in 
southern malaysia
Text-only model: southern malaysia death toll rises to ##
Multi-modal model: death toll from heavy floods rises to 
##

Figure 1: Example summaries generated by different models.
Multi-modal model successfully predicts the main event objects (in
green and italic).

Multi-modal approaches are explored in machine transla-
tion (MT) recently and outperform text-only models [Calixto
et al., 2017; Helcl and Libovický, 2017; Caglayan et al., ].
The multi-modal MT requires that the paired image should
describe the whole information covered by the source sen-
tence and this requirement is hard to meet when the sentence
is very long. In contrast to multi-modal MT, images which
usually indicate event highlights are more suitable for sum-
marization that aims at abstracting the important information
from the original text.

To tackle the MMSS task, we design a novel seq2seq mod-
el with hierarchical attention mechanisms. The bottom atten-
tion layer focuses on the inner parts of image and sentence.
The top attention layer balances the distribution of different
modalities. Since some abstract concepts, such as guilty and
freedom, can only be well encoded in textual modality [Paiv-
io, 1990; Hill et al., 2013; Kiela et al., 2014], we design im-
age filter modules to block out visual noises. In addition,
we incorporate different visual features into our model to ini-
tialize target language decoder and present a visual coverage
mechanism to handle the word repetition problem.

Our main contributions are as follows:

• We introduce an MMSS task that can generate a textual
summary from a pair of sentence and image.

• We propose an inner-modality and inter-modality atten-
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tion model to focus on image patches or text units for
summary generation.

• We propose image filters to selectively use visual infor-
mation to benefit summarization.

• We construct a multi-modal sentence summarization
corpus that consists of 66,000 summary triples (sen-
tence, image, summary). The experimental results on
this dataset demonstrate that our proposed system can
take advantage of multi-modal information and outper-
form other baseline methods.

2 Background: Seq2seq Learning
In this section, we describe the basic seq2seq learning frame-
work. Given a source sequence x, the seq2seq model max-
imizes the conditional probability of a target sequence y:
p(y|x). The encoder and the decoder are the two basic com-
ponents in the seq2seq model. Recurrent neural networks
(RNN) encoder [Cho et al., 2014] converts x into a context
representation c as follows:

ht = fenc(xt, ht−1) (1)
ct = fc(h1, · · · , ht) (2)

where ht ∈ Rn is a hidden state at time t, and ct is a context
vector generated from the sequence of the hidden states. fenc
and fc are nonlinear activation functions.

The decoder generates word yt given the context vector ct
and the previously generated words {y1, · · · , yt−1}:

p(yt|{y1, · · · , yt−1}, ct) = fdec(yt−1, st, ct) (3)

where st is the hidden state of the decoder and fdec is a non-
linear activation function that computes the probability vector
for output words at time t. The loss function Lt for each time
t is the negative log likelihood of the target word yt:

Lt = −log p(yt|{y1, · · · , yt−1}, ct) (4)

3 Our Proposed Model
3.1 Overview
We begin by defining the multi-modal sentence summariza-
tion task. The input of the task is a pair of sentence and
image, and the output is a condensed summary. As shown
in Figure 2, our proposed model consists of four modules:
sentence encoder, image encoder, summary decoder and im-
age filter. The sentence encoder is a bidirectional GRU (Bi-
GRU) [Chung et al., 2014], and pre-trained CNN (Oxford
VGGnet [Simonyan and Zisserman, 2014]) is used to encode
images. Our summary decoder is a uni-directional GRU with
a hierarchical attention mechanism and a softmax layer over
the target vocabulary to generate words. Specifically, beyond
the attention over regions of the image and words of the input
sentence, we explore the modality-based attention to navigate
our model to pay different attention to textual and visual in-
formation when generating different words. We design two
types of image filters, namely, image attention filter and im-
age context filter, to remove visual noises and enrich the se-
mantic meaning of the corresponding sentence.

british prime minister tony blair has 
rescued a danish swimmer … ...

...
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Figure 2: The framework of our model.

3.2 Sentence Encoder
Given a source sentence x = (x1, · · · , xn), we employ a
BiGRU to build its hidden representation (h1, · · · , hn).

The BiGRU encodes source sentence forwardly and back-
wardly to generate two sequences of the hidden states:
(
−→
h 1, · · · ,

−→
h n) and (

←−
h 1, · · · ,

←−
h n), respectively, where:

−→
h i = GRU(E[xi],

−→
h i−1) (5)

←−
h i = GRU(E[xi],

←−
h i+1) (6)

E[xi] is the embedding for word xi.
The final sentence representation hi is the concatenation of

the forward and backward vectors: hi = [
−→
h i;
←−
h i].

3.3 Image Encoder
Given an image, we apply a pre-trained VGG (VGG19) mod-
el to extract visual features. We extract a 7× 7× 512 feature
map of the last pooling layer (pool5 layer) of the network as
the local feature, and we extract the 4096-dimensional fully-
connected layer (fc7 layer) as the global feature q. We flat-
ten the local patch feature into matrix A = (a1, · · · , aL)
(L = 49) and al ∈ R512 corresponds to a patch of the im-
age.

3.4 Summary Decoder
At each time step t, the state of the decoder st is calculated
as follows:

st = GRU(st−1, yt−1, ct) (7)

In text-only seq2seq model, the decoder’s hidden state s0 is
initialized as follow:

s0 = tanh(Wh1
[
−→
h n;
←−
h 1]) (8)
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Intuitively, s0 is important because the first few words to be
decoded significantly influence the remainder of the generat-
ed summary. We incorporate three different visual features
into our model to initialize target language decoder: image
global features (Equation 9), the average of image local fea-
tures (Equation 10) and weighted image local features (Equa-
tion 11).

s0 = tanh(Wh2 [
−→
h n;
←−
h 1] + Wqq) (9)

s0 = tanh(Wh3
[
−→
h n;
←−
h 1] + Wv

1

L

L∑
i=1

ai) (10)

s0 = tanh(Wh4
[
−→
h n;
←−
h 1] + Ww

1

L

L∑
i=1

αiai) (11)

where αi is the weight scalar for ai:

αi = σ(Wh5
[
−→
h n;
←−
h 1] + Wpai) (12)

where σ denotes sigmoid activation function. The underly-
ing intuition for Equation 11 is that different image patches
do not make equal contributions aligning to the source sen-
tence; for instance, background regions often contain trivial
information, which would have less contribution to the model
than foreground regions. To do so, the image patch and the
sentence are matched to determine informative patches.

Context vector ct in Equation 7 is obtained by a modality-
based attention mechanism as follows:

ct = βtxtt VT ctxt + βimgt VIcimg (13)

where βtxtt is attention weight for text context vector ctxt and
βimgt is attention weight for image context vector cimg , re-
spectively, calculated as follows:

βtxtt = σ(Uast−1 + Wactxt) (14)

βimgt = σ(Ubst−1 + Wbcimg) (15)

We compute the text context vector ctxt as a weighted sum
of the source annotations as follows:

ctxt =

N∑
i=1

αtxtt,i hi (16)

where each vector is weighted by the attention weight αtxtt,i ,
as calculated in Equations 17 and 18 as follows:

etxtt,i = vTa tanh(Ucst−1 + Wchi) (17)

αtxtt,i =
exp(etxtt,i )∑N
j=1 exp(e

txt
t,j )

(18)

We compute the image context vector cimg as a weight-
ed sum of the source image patch representation A using the
“soft” attention strategy [Xu et al., 2015]. This process is
very similar to the text attention strategy assuming that de-
coder needs to attend to different image patches to generate
different words.

cimg =

L∑
i=1

αimgt,i al (19)

where each visual vector al is weighted by the attention
weight αimgt,i , as calculated in Equations 20 and 21 as fol-
lows:

eimgt,i = vTb tanh(Udst−1 + Wdal) (20)

αimgt,i =
exp(eimgt,i )∑N
j=1 exp(e

img
t,j )

(21)

The probability for the next target word yt is computed us-
ing the multi-modal hidden state st, and the previously emit-
ted word yt−1 as follows:

p(yt|{y1, · · · , yt−1}) ∝ exp(Lytanh(Lsst + LeE[yt−1]) (22)

where Ly , Ls and Le are model parameters.
In addition, to solve the problem of repetition, we adopt the

textual coverage mechanism [See et al., 2017] which aims to
avoid generating repetitive target words by penalizing repeti-
tive attention to the same position of the source sequence. For
coverage model, the attention distributions over all previous
decoder time are maintained, which record the attention his-
tory for all source words. Then the decoder is not expected
to pay current attention to the words which have received e-
nough attention before. For our task, we apply a multi-modal
coverage mechanism including textual and visual coverage.

In our multi-modal coverage model, we maintain two cov-
erage vector ctxtt,i and cimgt,i , which is the sum of attention dis-
tributions over all previous decoder steps:

ctxtt,i =

t−1∑
τ=1

αtxtτ,i (23)

cimgt,i =
t−1∑
τ=1

αimgτ,i (24)

Intuitively, ctxtt,i and cimgt,i denote the degree of coverage that
the source words and the image patches have been covered by
the target before time t, respectively. Note that ctxt0,i and cimg0,i
are zero vectors, because at that step, none of the source word
or the image patch is covered by the target.

The coverage vectors are used to calculate the attention
mechanism, changing Equation 17 and 20 to:

etxtt,i = vTa tanh(Ucst−1 + Vcctxtt,i + Wchi) (25)

eimgt,i = vTb tanh(Udst−1 + Vdcimgt,i + Wdal) (26)
The coverage losses for text and image at time t are defined

as follows respectively:

Lcovtxt
t =

N∑
i=1

min(αtxtt,i , c
txt
t,i ) (27)

Lcovimg

t =
L∑
i=1

min(αimgt,i , c
img
t,i ) (28)

Finally, we add the multi-modal coverage loss to the origi-
nal loss function in Equation 4 to yield new loss functions as
follows:

Ltxtt = Lt + Lcovtxt
t (29)

Limgt = Lt + L
covimg

t (30)
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3.5 Image Filter
Compared to text summarization task, the key point for multi-
modal summarization is effectively making use of image.
Meanwhile, we should avoid introducing noises in the case
that (1) the image fails to represent some semantic meanings
of words, such as abstract concepts, or (2) the image is insuf-
ficiently exact to capture the keypoint of the source sentence.
To this end, we introduce an image filtering mechanism and
propose two types of image filters, i.e., an image attention
filter and an image context filter.

Image Attention Filter
The image attention filter is a scalar applied to the image at-
tention βimgt (in Equation 15), which aims to re-balance the
attention of the image and sentence based on the following
aspects: (1) The correlation between the source image and
sentence, which is measured by the image global feature q
and the initial state of summary decoder s0. (2) The relation
to the next target word, which relates to the state of the de-
coder st−1. The image attention filter Ia ∈ [0, 1] is calculated
as follows:

Ia = σ(vTs s0 + vTq q + vTr st−1) (31)

Then, the image attention βimgt in Equation 15 is updated
as follows:

βimgt = Ia · βimgt (32)
Xu et al. [2015] and Calixto et al. [2017] adopt gating s-

calars to image context. The difference is that our scalar not
only relates to the current decoder state for generating the
next target word but also associate different modalities, which
aims to evaluate the effect of the image.

Image Context Filter
The image context filter is an element-wise filtering vector
applied to the image context cimg (in Equation 19) that is ex-
pected to filter out the image noises inside the image context.
The image context filter is calculated as follows:

Ic = σ(Wss0 + Wqq + Wrst−1) (33)

The image context in Equation 19 is updated as follows:

cimg = Ic � cimg (34)

Image context filter is partially inspired by gating mech-
anism which has gained great popularity in neural network
models [Hochreiter and Schmidhuber, 1997; Srivastava et al.,
2015], and this filter is expected to give fine tune for each
dimension, and the information can only flow on the dimen-
sions where the gate is “open”. In conclusion, image attention
filter is directly applied to change the attention scale between
image and text, and image context filter is designed to select
the most salient visual features.

4 Related work
4.1 Seq2seq Summarization Models
Rush et al. [2015] are the first to apply the seq2seq model
to abstractive sentence summarization. They propose an at-
tentive CNN encoder and a neural network language mod-
el [Bengio et al., 2003] decoder. Chopra et al. [2016] use

RNN as the decoder and achieve better performance. Nalla-
pati et al. [2016] further replace the encoder with an RNN,
forming a full RNN seq2seq model. Gu et al. [2016] and
Zeng et al. [2016] incorporate a copying mechanism into se-
q2seq learning and Gulcehre et al. [2016] propose a switch
gate to control whether to copy from the source or generate
a word by the decoder. See et al. [See et al., 2017] present a
seq2seq model with coverage mechanism to eliminate repeti-
tion. Current seq2seq summarization methods only focus on
text, while the opportunity to optimize the summary quality
with the aid of visually grounded representations is ignored.

4.2 Multi-modal Seq2seq Models
Multi-modal MT has recently attracted much attention from
researchers. Libovický and Helcl [2017] propose multi-
source seq2seq learning with hierarchical attention combi-
nation. Calixto and Liu [2017] use images as words in the
source sentences to improve translation quality. They use vi-
sual representation to initialize the encoder or decoder. Our
work is partially inspired by the models of Libovický and
Helcl [2017] and Calixto et al. [2017] with some differences:
(1) Libovický et al. [2017] use the hierarchical attention but
do not pay attention to image patches. In addition, they do not
apply image filters. (2) Calixto et al. [2017] propose two sep-
arate attention mechanisms to decode target words, while our
model can hierarchically pay attention to source words, im-
age patches and different modalities. (3) Calixto et al. [2017]
apply a gating scalar which only relates to decoder state, but
our image filters not only relate to the current decoder state
for generating the next target word but also consider the cor-
relations between different modalities, which is peculiar for
sentence summarization tasks. Our motivation is that (1) D-
ifferent image patches relate to different words and image fil-
ters enable our model to selectively use the image. (2) Hier-
archical attention mechanism can decide how much attention
the decoder pay to different modalities when generate differ-
ent words. (3) Our image filters explore association between
textual and global visual information, which can measure the
extent to which the image can capture the gist of the source
sentence.

5 Dataset Construction
To the best of our knowledge, there is no benchmark dataset
for the MMSS task, and we construct a corpus. Each sample
in our corpus is a triple (sentence, image, headline) in which
the sentence-headline pair is from the annotated Gigaword
corpus [Rush et al., 2015]1 and the image is crawled from
Yahoo! Image Search. The Gigaword corpus provides 3.8
million first-sentence-headline pairs. For each first-sentence,
we search Yahoo! Image Search, and crawl the top-5 ranked
images. Next, we delete the explicit trivial images such as
portraits, thumbnails and advertisements.

As a result, we collect 123,839 sentences paired with five
images each. Then we employ 10 graduate students to select
the best-match image for each sentence. If there is no match-
ing image for the sentence, the annotators label ‘0’. Each
five-image-sentence sample is annotated by two students and

1https://github.com/harvardnlp/sent-summary
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Model R-1 R-2 R-L
Lead 33.64 13.40 31.84
Compress [Clarke and Lapata, 2008] 31.56 11.02 28.87
ABS [Rush et al., 2015] 35.95 18.21 31.89
SEASS [Zhou et al., 2017] 44.86 23.03 41.92
Multi-Source [Libovický and Helcl, 2017] 39.67 19.11 38.03
Doubly-Attentive [Calixto et al., 2017] 41.11 21.75 39.92
Our text only model 44.58 22.68 41.91
Multi-modal model without image filter 44.88 23.20 42.11

Decodertext 45.17 23.39 42.20
Decoderfc 45.02 23.06 42.24

Multi-modal Decoderaconv 45.21 23.82 42.50
model with Decoderwconv 45.78 23.45 43.16

attention +text coverage 47.28 24.85 44.48
filter +image coverage 47.16 24.43 44.23

Decodertext 45.43 23.47 42.67
Decoderfc 45.12 23.29 42.34

Multi-modal Decoderaconv 45.99 23.86 43.19
model with Decoderwconv 46.08 24.00 43.29

context +text coverage 46.84 24.25 43.76
filter +image coverage 46.56 24.34 43.59

Table 1: Main experimental results. Decodertext, Decoderfc,
Decoderaconv and Decoderwconv denote different decoder initial-
ization: by only text, by text and global visual feature, by text and
average of local visual feature, by text and weighted average of local
visual feature (in Equation 8-11), respectively. We report different
coverage mechanisms applied to (MM Decoderwconv) model. Our
MM models with two kinds of image filters perform significantly
better than our Text-only model by the 95% confidence interval in
the ROUGE script.

the samples with accordance annotations are preserved. Fi-
nally, we collect 66,000 samples. Following the settings of
the Gigaword summarization corpus, we randomly split our
corpus as a training set with 62,000 samples, a test set with
2,000 samples and a development set with 2,000 samples.

6 Experiment

6.1 Comparative Methods

We compare a set of sentence summarization and multi-
modal MT baselines. Lead baseline uses the first 8 words
as the summary. Compress model [Clarke and Lapata, 2008]
produces a compressed result based on the syntactic structure
of the original sentence. ABS [Rush et al., 2015] uses an at-
tentive CNN encoder and a neural network language model
decoder to summarize the sentence. SEASS is a state-of-the-
art sentence summarization systems, which employs a selec-
tive encoding model to control the information flow from the
encoder to the decoder. Multi-Source [Libovický and Helcl,
2017] and Doubly-Attentive [Calixto et al., 2017] are multi-
modal MT baselines (introduced in Section 4). Text-only
model is a seq2seq model with attention only using a sen-
tence to generate summary. We report performances of our
multi-modal (MM) models with different decoder initializa-
tions, image attention filter, image context filter, and coverage
for different modalities.

6.2 Experimental Settings
We set word embedding size to 300 and GRU hidden state
sizes to 512. We use the full source and target vocabular-
ies collected from the training data, which have 36,916 and
26,168 words, respectively. We use dropout [Srivastava et al.,
2014] with probability of 0.2. We set the initial learning rate
for Adam [Kingma and Ba, 2015] to 5 × 10−4. At training
time, we test ROUGE-2 [Lin, 2004] F1 score on the develop-
ment set for every 2,000 batches, and we halve the learning
rate if model performance drops. Our models typically con-
verge within 50 epochs using an early stopping strategy for
our MM model without coverage. To obtain our final cover-
age model, we add the coverage loss to the objective function
for further training with the initial learning 5× 10−5. At test
time, we use beam search with beam size 10 to generate the
summary. We report ROUGE F1 score including ROUGE-1
(R-1), ROUGE-2 (R-2) and ROUGE-L (R-L).

6.3 Experimental Results
Table 1 shows the results of the comparative methods and
our proposed methods. The state-of-the-art sentence summa-
rization systems SEASS performs better than our Text-only
model. For our MM models, the model without an image
filter performs only slightly better than the text-only model,
and the models with image filters outperform the text-only
model and other baseline models. This proves that image fil-
ter plays a significant role in the MMSS task. Initializing de-
coder with image features is effective for our task. Compared
to global and average of local visual features, the models with
weighted average of local visual feature achieve greater im-
provements over the text-only model, which suggests that d-
ifferent image patches do not make equal contributions for
our task. Coverage mechanism leads to further improvement,
which achieves +2.70% R-1, +2.17% R-2, +2.57% R-L im-
provement over the Text-only model) for our best model. In
addition, we have tested an image captioning model [Vinyal-
s et al., 2015] and get poor results (R-1 is lower than 10%),
which indicates that image captioning model is not suitable
for this task.

6.4 Analysis
In this section, we discuss the effectiveness of visual infor-
mation for sentence summarization task (results are reported
on the test set).

1. Effectiveness of multi-modal initialization of de-
coder. From Table 1 we observe that incorporating images to
initialize hidden state of decoder improves the performance.
We conjecture that image features are effective as these fea-
tures can capture the highlights of the source sentences. Ta-
ble 2 shows that our image attention filter model with multi-
modal decoder initialization can predict the first words that
appear in the reference summary in much higher accuracies
than that with text-only initialization. Example summaries
can be found in Figure 1. In part at least, this behavior can
be ascribed to better initialization of decoder. Furthermore,
we observe the model which predicts the first word correctly
achieves 0.235 higher ROUGE-1 score on average than the
model which predicts wrong in our experiment.
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Decoder initialization text fc aconv wconv

The first 1 word 42.2 42.6 43.4 44.4
The first 2 words 23.2 23.3 23.5 24.0
The first 3 words 14.2 14.4 14.2 14.6

Table 2: The first words predicting accuracy (%) for the decoders
with different initializations (Equation 8-11).

n-gram 1-gram 2-gram 3-gram

Text-only 0.47 0.64 0.46
MM 0.48 0.66 0.48
Reference 2.89 5.01 5.09

Table 3: The average count of correct novel n-grams (i.e., n-grams
that don’t appear in the source but appear in the reference summary).

2. Are images helpful to produce more abstractive sum-
mary? Abstractive summarization can produce novel word-
s that do not appear in source sentence. This phenomenon
is common for human-written summaries, but is challenging
for a machine. We believe that attention mechanism allows a
model to focus on the specific positions of source represen-
tation that will help to predict the next word, but it adds a
constraint on the context vectors for summarization system,
which tends to predict a word obtaining the greatest attention
in the source. Table 3 shows that our multi-modal model is
more abstractive than text-only model. This is expected be-
cause the attention to the image can provide abundant infor-
mation beyond source text. An example is shown in Figure 3.

3. Which kind of images are more useful? To an-
swer this question, we ask 3 graduate students to annotate
the matching scores for 300 sentence-image pairs in the test
set. The score ranges from 1 to 3: 1 denotes “partially
match”, 2 denotes “basically match” and 3 denotes “com-
pletely match”. The results in Table 4 show that the samples
with better matched images achieve higher ROUGE score and
also attract higher attention for image, indicating that better
matched images are more useful for the MMSS task.

4. Effectiveness of multi-modal coverage. To explicitly
demonstrate how the repetition problem is eliminated by cov-
erage mechanism, we calculate the average count of repeated
words for each summary with coverage for different modal-
ities. Figure 4 shows the results for (MM Decoderwconv)
model with different image filters, which indicates that textu-
al and visual coverage model can reduce repeated words.

Match score R-1 R-2 R-L Image attention

1 (9%) 41.47 21.37 39.88 16.11
2 (15%) 44.42 23.49 41.30 23.32
3 (76%) 45.89 26.03 44.03 35.16

Table 4: ROUGE score and image attention (%) for samples with
different text-image matching scores (proportion in 300 annotated
samples).

Source sentence: at least ## people were killed and 
## injured when a passenger bus plunged into a deep 
ravine in north ethiopia , police said wednesday .
Reference summary: bus accident kills at least ## in 
north ethiopia
Text-only model: ## killed as bus plunges into 
ravine
Multi-modal model: ## killed in ethiopian bus 
accident 

Figure 3: Multi-modal model successfully predicts the novel words
(in blue and italic).
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Figure 4: The count of repeated words for different models.

7 Conclusions
This paper addresses a multi-modal sentence summarization
task, namely, how to transform a sentence-image pair into a
short-length summary. Our proposed model can simultane-
ously focus on image patches and text units to generate sum-
maries with a modality-based attention mechanism. We de-
sign image filters to selectively use visual information to en-
rich the semantics for the source sentence. We introduce a vi-
sual coverage mechanism which prove that multi-modal cov-
erage is effective for our task. We provide a publicly available
multi-modal sentence summarization corpus and the experi-
ments on this dataset show our proposed model significantly
outperforms the baseline models. Our dataset is released to
the public2.
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