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Abstract. Recently, image caption which aims to generate a textual
description for an image automatically has attracted researchers from
various fields. Encouraging performance has been achieved by applying
deep neural networks. Most of these works aim at generating a single
caption which may be incomprehensive, especially for complex images.
This paper proposes a topic-specific multi-caption generator, which in-
fer topics from image first and then generate a variety of topic-specific
captions, each of which depicts the image from a particular topic. We per-
form experiments on flickr8k, flickr30k and MSCOCQO. The results show
that the proposed model performs better than single-caption generator
when generating topic-specific captions. The proposed model effectively
generates diversity of captions under reasonable topics and they differ
from each other in topic level.
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1 Introduction

Image caption is a cross-modal task which links the visual and the natural lan-
guage modality. It aims at generating textual descriptions for an image automat-
ically, and have received attentions worldwide. Inspired by successful advances
in neural machine translation [I2], most image caption generators are based on
the encoder-decoder framework and trained in an end-to-end fashion. In machine
translation, an LSTM is used to encode the sentence in source language, and an-
other LSTM is employed to decode the intermedia into target language. By
replacing the encoder with a CNN, encouraging performance has been achieved
in image caption [6I7ISOITO/TT].

Most image caption generators generate a single caption for an image. Howev-
er, an image is rich of information and an individual caption may be insufficient
to depict it, especially for complex images. On the other hand, when facing an
image, human may focus on different aspects and describe it from various of an-
gles, resulting in multiple captions for the same image. There are also demands
for captioning image under particular topics in real life. Sometimes one is in-
terested just in a particular aspect of the image. Textual information related to
the target topic should be extracted and information beyond the topic should
be omitted in this circumstance.
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To simulate the multi-caption results of human beings, as well as generate
captions specific to particular topics, we propose a topic-specific multi-caption
generator for image. It takes latent topic attributes of captions into account.
We employ an unsupervised topic model to infer latent topics from captions
first. Each topic is represented as an embedding and then integrated into the
decoder, guiding the generating of topic-specific captions. We also propose a
method of inferring topics from images to limit the range of topics to perform
captioning. The results show that the topic-specific image caption generator
effectively generates diverse captions under reasonable topics and each of them
depicts the image in a particular aspect.

The remainder of the paper is organized as follows. Section 2 introduces some
previous works in image caption generation. Detailed formulation and model
structure are given in Section 3. Experimental settings, evaluation metrics and
experimental results are shown in Section 4. Conclusion and discussion of future
works are included in Section 5.

2 Related Work

As for image caption generating, there are various studies, from early pipeline
methods [I4J17] to the end-to-end models commonly used now [BIASOTOIT]. In-
spired by the success of the encoder-decoder framework in machine translation,
Karpathy et al. [4] employed CNN as encoder to extract features from image
and RNN is used as decoder to generate sentences. For the advantage of LST-
M dealing with long distance dependence, Vinyals et al.[7] replaced the RNN
generator with LSTM and made continuous improvement.

In order to pay additional attention to visual or semantic information, the
attention mechanism is employed and improve the performance of image caption
to a great extent. Xu et al. [9] use visual attention method to pay attention to
particular parts of the image with different ratios at each time step. You et al. [10]
and Zhou et al.[TI] propose different semantic attention approaches separately.
You et al. extract several key words as semantic attributes for each image and
then integrate the semantic information into input and output. While Zhou et
al. use image feature filtered by text feature (text-conditional image feature)
as semantic guidance for the gLSTM decoder. Both of the two methods take
current generated words into account and use them to impact input and output
states, or filter image features.

Recently, a number of studies resulting in multi-captions generating arise.
Johnson et al. [I2] propose a dense image caption model to generate an individ-
ual caption for multiple objects separately. They add a dense localization layer
between the CNN encoder and the RNN decoder to handle the localization and
description task jointly. Captions in various granularities,namely words, phrases
and sentences, are generated as bounding-box moving throw the image. Mao et
al. [13] aim at generating unambiguous captions for similar objects in an image.
They link descriptions to corresponding bounding-boxes and train the model by
minimizing the max-margin loss between positive samples and negative samples.
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Although the two models above can generate multi-captions for an image,
they are object-driven essentially while ours are topic-driven. We aim at gen-
erating topic-specific multiple captions. Compared with generating results of
previous models, our generation is more tendentious and diverse. The generated
captions depict the image from various points of view which is more human-like.

3 Model

In this paper, we propose a model which can infer latent topics from image and
generate multiple topic-specific captions based on the encoder-decoder frame-
work. Remarkable results can be achieved by maximizing the probability of the
captions conditioned on the given image together with the topic and minimizing
the divergence between the predicted topic distribution and the real one for the
image simultaneously.

We first formulize the topic-specific image generation task in Section 3.1. A
overview of the architecture of the proposed model is given in Section 3.2. De-
tailed introduction of each sub module including the unsupervised topic model
training, image-topic distribution predicting and topic-specific caption generat-
ing is presented in Section 3.3, 3.4 and 3.5 respectively. Finally, we address the
loss function and the details of training in Section 3.6.

3.1 Problem Formulization

For single-caption generators, the target of the image caption is to maximize the
probability of the description given an image. Suppose an image is presented as
I and a caption is presented as .S, the target is to maximize:

Ng
log P(S|I) :ZlogP(wﬂwo,...,wt,l,]) . (1)
t=1
where S={wo, ..., wn,} is the caption of image I with N, words.

Different from the traditional single-caption generator, we aim at inferring
latent topics from an image first and then generating multiple topic-specific
captions each of which depicts the image from a particular topic point of view.
Based on the assumption that topic-caption pairs are independent, our target is
to maximize the probability of all topic-caption pairs given an image as follows:

Nk
log P(S, Z|T) = > log P(s, z|I) - (2)

k=1
Where Z, S denote the topic set and the corresponding caption set for image I,
2z, and s are the k-th topic and caption specific to it. Nx denotes the amount

of the topic-caption pairs (sg,zx) which can be inferred from the image.
Note that each item in the summation can be decomposes as follows:

P(Sk,ZkU)ZP(5k|Zk,I)P(Z/c|I) . (3)
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We decompose the target into two parts, the second part P(zx|I) can be
seen as an image-topic classifier, indicating whether the topic z; can be inferred
from the image. The first part P(sg|zk, ) can be seen as a sentence generator
similar to the traditional image caption generator, while with a topic restriction
in addition. So the target can be represented as follows,

NK NK
log P(S, Z|T) =Y log P(z|T) + > log P(s|z, ). (4)
k=1 k=1

As shown above, the target of finding topic-caption pairs for a given image is
divided into two parts, predicting topic distribution from the given image first
and then predicting descriptions conditioned on the image and a particular topic.

3.2 Model Architecture
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Fig. 1. The framework of the proposed topic-specific image caption generator. After
applying LDA on textual captions, the topic distribution for each document (zk) and
the word distribution for each topic (phi) can be gained. Then train the predictor to
infer topic distributions and the generator for image caption. Ws denotes the word em-
bedding matrix, Wt denotes the topic embedding matrix. A particular topic embedding
tr supervises the caption procedure along with the image.

Following discussions above, we now depict the topic-specific image gener-
ating model. We employ the encoder-decoder framework, with CNN such as
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VggNet to encode the image and LSTM to decode image representation into
a textual sentence. The decoding side mainly consists of three modules: topic
extracting, topic distribution predicting and topic-specific caption generating.
The topic extracting module employs an unsupervised topic model to extract
topic information from the captions, such as topic distribution features among
different captions and word distribution features among different topics. The
topic distribution prediction module is an image-topic classifier essentially. It
approximates the topic distribution in the image to the inferred results in the
topic extracting module. The topic-specific caption generating module takes the
image and a particular topic as input and generates caption with topic restric-
tion. The model architecture is shown in Fig. [} When generating captions for
new images, topic predictor infers topic sets first. Each of the inferred topics is
utilized separately, leading generating of topic-specific captions.

3.3 Topic Information Extracting

Topics are latent features in captions. As there is no image caption dataset
offering captions with ground-truth topic label at present, we have to obtain the
latent topic information in an unsupervised manner. LDA [I5] is an unsupervised
topic model which has been widely used in tasks such as document classification.
It introduces latent topics into document-word distribution and can infer topic
distribution of unlabeled corpus. Representing each caption as a bag of words,
topic distribution of each caption and word distribution of each topic can be
learnt by applying LDA. Each caption with the inferred topic label composes
a topic-caption pair which is used in the subsequent training procedure. It’s
worth to notice that we take the average of the inferred topic distributions of all
captions for the same image as the target topic distribution in topic-distribution
prediction training.

3.4 Topic Distribution Predicting

To generate multiple topic-specific captions for an image, it is necessary to infer
topics which are occurred in the image first. It can be solved as a multi-label
classification task, while we tackle it in a more elaborated way. An image may
contain more than one topics simultaneously with different probabilities. We
train a probability distribution predictor which approximates the topic distribu-
tion of the image to the inferred one in topic information extracting period. If
the probability of a topic is higher than a threshold, we believe that the topic
exists in the image and a caption should be generated.

It is worth to notice that we take the output of the first LSTM unit in
decoder as input to train the topic distribution predictor, which is represented
as I afterwards. Commonly, the output of the encoder can be seen as the image
representation and then fed to the first LSTM unit to initialize the decoder.
While the output of the first LSTM unit carries visual feature as well. It can
be seen as a more abstract representation of the original image and utilizing it
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results in better performance than the encoder output when training the topic
distribution predictor.

As mentioned before, the target is to minimizing the divergence of the topic
distributions between the predicted one and the inferred one by applying LDA.
We use sigmoid-entropy as loss function, and the loss function is shown below,

2 = sigmoid(WI + b) . (5)
K

Ltopic,dist = - Z(zk log 2k + (1 - Zkr)(l - Zk)) . (6)
k=1

Where I denotes the abstract representation of the image mentioned above, zj
denotes the probability of topic k£ inferred by LDA, and z;, denotes the one
predicted by topic-distribution predictor. Wb are training parameters.

3.5 Topic-specific Caption Generator

Topic Embedding Construction The topic label is represented as embedding
before feeding into the decoder. For each topic in the topic sets, we represent it
as a weighted sum of all word embeddings as follows:

K
topicy, = Z O iW; - (7)
k=1

Where ¢;,; denotes the probability of the ¢ th word in topic k, which can be
learned by LDA, and w; denotes the embedding form of the ¢ th word which can
be learnt from LSTM networks during training procedure.

Topic-specific Caption Generator As shown in Fig. [l] to generate a topic-
specific caption for a given image, a simple but effective way is performing soft-
max function on a mixture of topic feature and the image feature when predicting
words. To compute the probability of each candidate word in each time step with
restriction of topicy, we use following formulations,

H = Wil © Wiepictopicy, . (8)

it = o(Wizwy + Wimmy—1) . (9)

fo= 0(Wieae + Wemme_1) - (10)

o = o(Wogxs + Wommy—1) . (11)

et =fr ©cio1+it © h(Wepy + Weme—1) . (12)
my =0 OCt . (13)

DPi+1 = softmax(my, H) . (14)

where I is the image representation mentioned above, H is the representation
mixed with image and topic features, x; is the input word embedding, m; is the
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output of the LSTM unit, i;, f;, o; are input, forget, output gates and ¢; is the
memory in LSTM unit. W matrices are trained parameters.

The basic idea behind the formulation is simply but reasonable. We take
the first LSTM output as a more abstract representation of the image. Then
construct a latent variable H which extracting intersection features of image
and topic and concatenate it with the output of the LSTM unit at each time
step. It results in a mixture which contains not only the predictions made by
the language model, but also the intersection restriction of the image and the
topic. Apply softmax function on the mixed output and choose the word with
the maximum probability in vocabulary as the predicted one.

3.6 Loss Function

The deviation of the topic-specific caption generating model comes from two
parts, namely the deviation of the language model (the LSTM generator), and
the deviation of the topic distribution predictor. The loss function is shown
below:

Nk
log L(S, Z|T) = = > (zrlog z, + (1 = 21)(1 — 2,)) (15)
k=1
Nx Nsy,
—Z ZIOgP(wk,t|wk,Oa~~awk,t71a]’>zk) :
k=1 t=1

Where Ng, denotes the length of the caption s;, specific to topic 2z and wy ¢+
denotes the ¢-th word in caption si. Our model is trained by minimizing the
loss function above with stochastic gradient descent. Batch size is set to 100 and
learning rate is set to 0.0005. We also set dropout ratio to 0.5 for both the input
embedding layer and output layer of the LSTM to combat overfitting.

4 Experiments

4.1 Datasets and Experimental Settings

Datasets We test our model on 3 public datasets, which is flickr8k [16], flickr30k[19]
and MS-COCOJ20] with total images of 8000, 31000 and 123000 respectively.
Five references are provided by human annotators for each image in both Flick-
r8k and Flickr30k dataset. As for MS-COCO dataset, some images have more
than 5 references which for dataset consistency we retain only 5 of them. We use
public splits [4] to perform train, validation and test.

Topic Model Training In order to extract topic features from captions,
LDA is applied in training set of the three dataset separately. We implement
LDA with publicly available code, plda [2I]. The parameters are set as a = 0.1,
B = 0.01. We train LDA with various topic numbers from 20 to 100 with varying
step.
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Image Features For image representations, we adopt the pre-trained Vg-
gNet as encoder and take the penultimate layer with 4096 dimensions as encoder
output. We don’t fine-tune the encoder CNN during the experiment to be con-
sistent with the compared models.

4.2 Evaluation Strategy

We carry out the evaluation in two steps: evaluating performance of the topic-
distribution predictor first and then the topic-specific caption generator.
Image-topic Classification Evaluation For each caption, we take the
topic with the highest probability inferred by LDA as its topic label. For each
image, the set of topic labels of all its captions can be regard as the latent topics
for the image. When predicting topics from image, we filter topics with low
probability and get predicted topics. We adopt two metrics, namely F'1 score
and one-recall to evaluate topic predicting performance.F'1 score is calculated as

below:
2PR

“P+R’

where P denotes precision and R denotes recall of the classifier. One-recall mea-
sures the percentage of topic classification results which shoot at least one of the
topics in the inferred ones by LDA. The higher the one-recall score is, the better
the predictor performs.

Caption Generating Evaluation We adopt four metrics to evaluate the
generated captions, namely BLEU@GN [22], METEOR [23], ROUGE-L [24], and
CIDEr-D [25]. To check whether or not the multi-caption generator is able to
generate captions inclining to a particular topic, captions and reference are com-
pared grouping by topic in evaluation. Topics of references can be inferred by
applying the pre-trained LDA model. Topic-specific captions can be generated
guiding by the same LDA inferred topics.

It’s worth to notice that our model can generate multiple captions each of
which is specific to a particular topic. However, previous models only generate
one single caption in the matter of ”"topic”. In order to show the difference in
topic point of view among captions, we are forced to fake the traditional image
caption generator as a multiple one. We copy the best generation of the single-
caption generator to all topics, based on the assumption that generations in all
topics are always the same.

(16)

4.3 Results

Classification Results and Analysis We evaluate the classification perfor-
mance under different topic number settings. The result is shown in Fig. 2}
From the results we can see, the F1 score is unsatisfactory among all dataset-
s. While the one-recall score is pretty high. It indicates that the predictor makes
at least one correct prediction for most images though failing to infer all top-
ics precisely. As the latent topics are obtained by applying LDA model, the
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Fig. 2. image-topic classification performance with varying numbers of topic for three
datasets. Classification performance declines with topic number increasing.

performance of the topic model affects the classification performance to a cer-
tain extent. Note that most of the captions are short sentences with length no
more than 10 words. Each caption is handled as a short document and topics
underlying in short documents may not be well learnt by topic models like LDA.

Image Caption Results and Analysis We compare our model with an-
other two models without CNN fine-tuning: the Google NIC model [7] as baseline
model and the glstm model [3]. Comparison results are shown in Table

Table 1. topic-specific caption generating results for flickr8k, flickr30k and COCO
dataset. The proposed topic-specific model(TS) outperforms the baseline model and the
glstm model in topic-specific image caption generating. Best performance is obtained
when the topic number k is set to 100.

Datasets/models|Bleu-1|Bleu-2|Bleu-3|Bleu-4 METEOR| ROUGE_L|CIDEr
baseline| 0.348 | 0.204 | 0.125 | 0.078 0.128 0.311 0.403

flickr8k | glstm | 0.371 | 0.227 | 0.145 | 0.092 0.141 0.335 0.506
TS 0.379 | 0.241 | 0.156 | 0.101 0.154 0.366 0.662

baseline| 0.337 | 0.192 | 0.112 | 0.069 0.114 0.287 0.241

flickr30k | glstm | 0.34 | 0.204 | 0.128 | 0.082 0.122 0.311 0.385
TS 0.348 | 0.22 | 0.142 | 0.091 0.136 0.336 0.517

COCO |baseline| 0.426 | 0.265 | 0.168 | 0.109 0.145 0.356 0.54
TS 0.476 | 0.321 | 0.218 | 0.148 0.181 0.403 0.876

As the results shown, our model surpasses both of the compared models in
all metrics. With restriction of a particular topic, generations of the proposed
model are more close to the human ones with the same topic. It indicates that
the topic embedding captures latent topic features indeed. It guides the decoder
to generate captions inclining to the target topic, depicting things related to the
target topic and omitting the irrelevant ones.
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4.4 Topic Analysis

Go deeper into the generated results, we confirm the topicality within topic-
specific captions first, and then compare captions under different topics as well
as captions under the same topic for different images.

Table 2. Topic consistency in flickr8k, flickr30k and COCO. The inferred topic is same
as the supervised one most of the times.

Datasets| accuracy
flickr8k |0.799068767908
flickr30k |0.845175766642
coco | 0.78639553716

Topic Consistency We take experiments to verify topic consistency be-
tween topic inferred by LDA and the supervised one used during generating.The
topic label of each supervised topic in generating stage is recorded. After acquir-
ing all topic-specific generations, we apply the pre-trained LDA model to them
and infer topic distributions. Comparing the inferred topic with the supervised
one and a good consistence occurs, as shown in Table

The result shows that the inferred topic label is the same with the super-
vised one for nearly 80% of the generated descriptions, which indicates a good
consistency.We can also confirm the rationality and effectiveness of the topic
embedding.

A footba ayer is holding a Two men are playing basketh A man is making a turn on a motorcycle.
football during a football game.
A man wearing a red helmet

is in front of a crowd. A man wearing a helmet is riding a bike.

Fig. 3. Similarity of captions among different images with the same topic and diversity
of captions for the same image. Topics are represented as different colors.

Generating Diversity For image with rich topics, multiple captions can
be obtained. Some examples are shown in Fig. [3] The topic-specific captions
of the first image depict it from ”sports” and ”clothing” topics separately, and
captions related with ”action” and ”clothing” are generated for the third one.
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We also observe generation similarities among different images which are
specific to the same topic. Both of the captions colored in green in Fig. [3] are
generated under the same topic, which is obviously a topic related with sports.

5 Conclusion

In this paper, we proposed a topic-specific caption generator which can generate
multiple captions each of which depict the image from a particular topic. Topic
information is encoded in form of embedding and utilized to supervise generating
topic-specific captions. Compared with results of single-caption generator, the
generating results are more diverse and topic-specific.

As the experimental results show, the topic distribution predictor has great
potential for improvement. In the future, we plan to train a multi-modal topic
model which can capture topic features from image and texts jointly.
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