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As a fundamental problem in image understanding, image caption generation has attracted much atten- 

tion from both computer vision and natural language processing communities. In this paper, we focus on 

how to exploit the structure information of a natural sentence, which is used to describe the content of 

an image. We discover that the Part of Speech (PoS) tags of a sentence, are very effective cues for guid- 

ing the Long Short-Term Memory (LSTM) based word generator. More specifically, given a sentence, the 

PoS tag of each word is utilized to determine whether it is essential to input image representation into 

the word generator. Benefiting from such a strategy, our model can closely connect the visual attributes 

of an image to the word concepts in the natural language space. Experimental results on the most pop- 

ular benchmark datasets, e.g. , Flickr30k and MS COCO, consistently demonstrate that our method can 

significantly enhance the performance of a standard image caption generation model, and achieve the 

conpetitive results. 

© 2017 Elsevier B.V. All rights reserved. 
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. Introduction 

Automatically generating caption for images has become an ac-

ive research topic recently in computer vision community, which

ries to describe the content of a given image with a reasonable

entence in English or other languages. Specifically, to describe an

mage, a model for image caption generation often encodes the ob-

ects, semantic attributes, object relationships, and possible activi-

ies existing in an image, into a representation vector. Then, a word

enerator can be adopted on top of it to generate the correspond-

ng caption word by word. Following this paradigm, a large amount

f approaches on this task have been presented due to the recent

dvances in deep learning techniques [1,6,28,29] . 

Our work is motivated by one of the most popular frameworks

ollowing the mainstream encoder-decoder pipeline proposed by

inyals et al. [31] which combines Convolutional Neural Networks

CNN) to obtain visual feature vector and LSTM networks [12] to

ecode the vector into natural language sentences. One major

rawback of such a framework lies in the fact that the feature

ector is only fed into the LSTM network at the initial time step,

hich often causes the “drift away” effect. The “drift away” effect
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s pointed out by Jia et al. [13] , which means that the LSTM net-

ork may lose track of the original image content, being prone

o fit the sentences in the training set. A straightforward solution

ight be adding the image feature vector as an extra input to all

he units of LSTM blocks. However, such a strategy may easily lead

o the LSTM model overfitting the image content, worsening the

ystem performance. Instead, Jia et al. [13] add semantic feature

ector extracted from the image as an extra input to each LSTM

nit, in order to guide the LSTM model to overcome the problems

f overfitting and “drift away”. 

Natural language sentence and visual representation of an im-

ge are two signals of very different modalities. When we try to

onnect a visual representation such as CNN feature to a natu-

al language sentence, one critical problem is how to integrate

he image representation and language knowledge closely within

 language model. Different from previous works focusing on vi-

ual representation extraction, we consider from another perspec-

ive using the Part-of-Speech (PoS) tag of each word as an informa-

ive cue to enhance the learning of LSTM model, which is popular

n natural language processing, but never used in image captioning.

e notice that not all the basic atoms or words of a natural lan-

uage sentence can be mapped to the corresponding parts of an

mage. For instance, a determiner (the, any, a, an, etc. ) or prepo-

ition (behind, below, across, etc. ) cannot directly correspond to

ny explicit region of an image. On the contrary, the image regions
th Part of Speech Guidance, Pattern Recognition Letters (2017), 

https://doi.org/10.1016/j.patrec.2017.10.018
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patrec
mailto:xbai@hust.edu.cn
https://doi.org/10.1016/j.patrec.2017.10.018
https://doi.org/10.1016/j.patrec.2017.10.018


2 X. He et al. / Pattern Recognition Letters 0 0 0 (2017) 1–9 

ARTICLE IN PRESS 

JID: PATREC [m5G; November 3, 2017;4:54 ] 

Fig. 1. Two exemplar images from MS COCO [4] . The sentences below the two im- 

ages are their corresponding reference captions with the PoS tag for each word. The 

words and their corresponding PoS tags marked in red color, are closely related to 

the image content. 
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including objects, their attributes and activities that usually make

sense to caption generation, often correspond to nouns, verbs, and

adjectives of a natural language sentence, respectively. As a conse-

quence, in this paper we follow the abbreviations of PoS labels in

natural language. To clearly illustrate our motivation, two sentence

examples as well as the PoS tag of each word are shown in Fig. 1

. When a word belongs to the set of NN, VB, JJ, we can explic-

itly connect it to the image content. On the other hand, we cannot

easily connect the image content to the words belonging to DT, CC,

IN. Motivated by this observation, we propose a novel strategy for

learning the LSTM model according to the structure information of

the training sentences. Specifically, the PoS tag of each word is act-

ing the role of a switch signal, which is used to determine whether

to input the visual feature to the LSTM block. This idea is reason-

able, as a machine only needs to look at the image for describing

the objects, attributes, and activities. 

Our main contributions are two-fold. First, as mentioned above,

using PoS tags to train an image caption generator enables the

model to connect natural language sentences and image content

more closely. Second, to overcome the overfitting issue, we use the

combination of visual feature vector and the word embedding vec-

tor as the input to each LSTM unit. We simply add the image fea-

ture vector extracted by CNN to the word vector, weakening the

influence of overfitting on the image content caused by LSTM. In

our experiments, we demonstrate that PoS tags have a positive im-

pact on the performance of the whole image captioning system.

Under the guidance of PoS tags, we can achieve the state-of-the-

art results on the benchmark datasets with our image captioning

framework. 

2. Related Work 

An image captioning system needs to not only understand im-

ages, but also express them in grammatically-correct and human-

readable sentences. Thus, image captioning is a cross-domain prob-

lem, highly relevant to computer vision and natural language pro-

cessing. A comprehensive survey is provided by Bernardi et al. in

[3] . 

Most recent approaches on image caption generation can be

categorized as either retrieval-based or generation-based . Retrieval-

based approaches address such a problem by retrieving similar

images in the training dataset according to some similarity met-

ric, e.g. the Euclidean distance between the extracted feature vec-

tors. Finally, the captions of the candidate images are ranked and

the best candidate caption is transferred to the input image. For

instance, Ordonze et al. [23] create a web-scale captioned image
Please cite this article as: X. He et al., Image Caption Generation wi
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ataset, from which a set of candidate matching images are re-

rieved out using their global image descriptors. Then, all images

n the matching set are re-ranked. Finally, the best caption for the

uery image is returned. More recently, Kiros et al. [16] propose

n encoder-decoder pipeline to learn multimodal joint space for

mages and text, and use the embedded features to retrieve the

roperest sentence to describe the query image. 

Generation-based approaches adopt a totally different scheme:

irectly generating captions from images with a learned model,

sually a deep learning model. For instance, Vinyals et al. [31] em-

loy the output of the fully connected layer of CNN as visual fea-

ure of the image and directly feed it into the LSTM to gener-

te a sentence describing the input image. On the other hand, Xu

t al. [33] consider the output feature maps from a lower convo-

utional layer as visual features. And an attention mechanism is

dopted for iteratively selecting a spaital feature vector as the in-

ut of the LSTM. Furthermore, Jia et al. [13] modify the LSTM and

ntroduce semantic features as the guidance to the LSTM. By di-

ectly employing high-level attributes to guide the language model,

ou et al. [35] and Wu et al. [32] successfully advance the auto-

atic metrics like CIDEr and BLEU in image caption. In addition,

ao et al. [34] study various schemes of fusing image represen-

ation and attributes to further boost the image captioning per-

ormance. Pan et al. [24] use the transferred semantic attributes

ined from images and videos, and then leverage them by a novel

ransfer unit before feeding them to LSTM for video caption. Fol-

owing the similar idea that the model does not need visual input

t very time steps when generating the captions, Lu et al. [19] pro-

ose to use a visual sentinel in the decoder to decide when to at-

end to the image. More recently, Liu et al. [18] propose to use pol-

cy gradient optimization to directly optimize for evaluation metric

ike CIDEr [30] of the image caption model. They have improved

tate-of-the-art by a large margin. Other works of this kind include

5,10,11] . 

Generation-based approaches are capable of generating novel

entences from never-seen images, thus more flexible. 

Our work belongs to the generation-based category. We en-

ance the popular CNN-LSTM model [31] by incorporating PoS tags

nto the generation process. During the training phase, we guide

he LSTM with the PoS tag information of caption words. This has

he effect of making the LSTM aware of the grammatical category

f the current word to a degree. And during the testing phase,

e sample the PoS tag of the current word from the lookup ta-

le which stores the grammatical category of each word. Since our

odel neither relies on the retrieved semantics like [13] nor uses

he complex and expensive attention mechanism like [33] , it can

e easily trained and preserve considerable accuracy meanwhile. 

. Proposed Model 

Our model is based on the prevalent encoder-decoder frame-

ork [6] , which is flexible and effective. Following the state-of-

he-art methods on image captioning [13,14,20,33] , we employ a

onvolutional neural network (CNN) as the encoder, and a recur-

ent neural network (RNN) as the decoder. In this section, we first

riefly introduce the whole structure of the proposed model in

ection 3.1 . Then, in Section 3.2 , we introduce image caption gen-

ration with PoS tags in detail. 

.1. Generating captions from images 

The whole framework of our model is illustrated in Fig. 2 . The

rst part, i.e. , the encoder, is a convolutional neural network. Given

n input image, denoted by I , the encoder extracts a high-level fea-

ure representation. Following previous works [13,14,33] , we adopt

he VGG16 [27] architecture as the encoder. 
th Part of Speech Guidance, Pattern Recognition Letters (2017), 
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Fig. 2. Illustration of the proposed model.Our model consists of a VGG16 CNN as the encoder, and an LSTM network as the decoder. Given an input image I , the CNN extracts 

a 4096-dimensional feature vector as the image representation. The following LSTM (unrolled to multiple steps in this figure) takes the image representation and a START 

token, and recurrently generates the next word in the output sentence. At each step, the decoder use the switch to decide whether to feed the image feature into the LSTM, 

conditioned on the PoS tag of the last output word. 
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Fig. 3. The inner structure of an LSTM cell. The LSTM cell takes u t and h t−1 , based 

on which it calculates the values for three multiplicative gates, namely the input, 

the forget and output gates. The gates control the information that flows into and 

out of the cell, making LSTM capable of capturing long-term dependencies in a se- 

quence. 
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The original architecture is designed for image classification

asks. We remove the last fully connected layer and the softmax

ayer, so that the resulting CNN outputs a 4096-dimensional vector

hich describes the global content of an input image. Also, follow-

ng the standard practice, we transfer the weights of the VGG16

odel pretrained on ImageNet [26] into our model. 

The decoder is a word generator. In image caption, given the

mage representation produced from the encoder, the decoder gen-

rates words of the output sentence one by one, in a recurrent

rocess. Mathematically, a probability distribution P ( S | I ) is defined

ver S = < w 1 , w 2 , ..., w | S | > conditioned on image I . The model is

rained to maximize this posterior on a training dataset. The dis-

ribution is further factorized into: 

 (w 1 , w 2 , ..., w | S| | I) = 

| S| ∏ 

t=1 

P (w t | I, w 1: t−1 ) , (1)

here we assume that the generation of each individual word de-

ends on the image I and previously generated words w 1: t−1 . 

The recursiveness of Eq. 1 allows us to model the distribution

ia a recurrent neural network (RNN). To model Eq. 1 , each factor

orresponds to an unrolled step of RNN inference. In this paper,

e employ LSTM [12] as the RNN unit. As illustrated in Fig. 3 , an

STM unit has a memory cell state and three gates. The three gates

re called the input, output, and forget gates respectively. 

At a given time-step t , the LSTM receives the hidden state h t−1 

nd the cell state c t−1 from the last step, as well as the input u t at

his step. Denoting the feed-forward function as f LSTM 

( ·), the LSTM

pdates its state by: 

 t , c t = f LSTM 

(u t , h t−1 , c t−1 ) . (2)

nternally, the LSTM undergoes a series of computations on its

ates and memory cell: 

 t = σ (W i u t + R i h t−1 + b i ) ; (3) 

 t = σ (W f u t + R f h t−1 + b f ) ; (4) 

 t = σ (W o u t + R o h t−1 + b o ) ; (5) 

 t = tanh (W z u t + R z h t−1 + b z ) ; (6) 
Please cite this article as: X. He et al., Image Caption Generation wi
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 t = i t � z t + f t � c t−1 ; (7) 

 t = o t � tanh (c t ) . (8) 

here W � , R � , b � are the learned input weight matrices, recurrent

eight matrices and bias vectors respectively. σ represents the

igmoid function taking the form σ (x ) = 1 / (1 + exp (−x )) which

quashes inputs to the range of (0, 1). tanh represents the hy-

erbolic tangent function which squashes inputs to the range of

(−1 , 1) . These functions are applied to input vectors element-

isely. i t , f t , o t represent the input gate, the forget gate, and the

utput gate respectively. They are computed by adding the linear

rojections of u t and h t−1 , followed by a sigmoid function. The

ates respectively modulate the input transformation z t , the pre-

ious cell value c t−1 , and the output by element-wise multiplica-

ions, denoted by �. In our experiments, the input of LSTM u t at

ime step t can be either a word embedding or the summation of

 word embedding and image features, conditioned on a switch

ignal, as shown in Eq. 13 . 
th Part of Speech Guidance, Pattern Recognition Letters (2017), 
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Fig. 4. Illustration of three different ways of exposing an image to a generator: (a) 

input the image features only at the first step; (b) input the image features at every 

step; (c) we propose to input the image features at some particular steps, condi- 

tioned on the PoS tag of the last word. 
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Following the LSTM updates, the word at time step t , denoted

by w t , is sampled from a predicted probability distribution over a

dictionary: 

w t ∼ softmax (Dh t ) . (9)

where D is the learned decoding weight matrix. 

The input u t to the LSTM depends on both the image features

and the previous word w t−1 . The detailed formulation will be given

later in Section 3.2 . Overall, the generation process can be summa-

rized as: 

w t ∼ P (w t | w 1 , . . . , w t−1 , I; θ) , (10)

where θ denotes all model parameters to be learned. As indicated

by Eq. 10 , each generated word depends on both the input image I

and all previously generated words. The former dependency is nec-

essary for generating description related to the image content. The

latter one models the dependencies between consecutive words in

a sentence, thus guaranteeing the grammatical correctness of the

output sentence. 

3.2. PoS guided generation 

To generate meaningful descriptions for the images, a word

generator must refer to the image content during the generation

process. A common approach, as illustrated in Fig. 4 a, is to let

the generator look at the input image once at the beginning, and

store the image content by projecting the image features into its

memory cells. In later steps, the image features are no longer fed

into the generator. Recurrent neural networks such as LSTM net-

works are capable of holding long-term memory, therefore even

after many generation steps, the input image may still have an ef-

fect on the generated words. 

Despite the ability of holding long-term memories, such word

generators are still prone to the “drift away” problem, as pointed

out by Jia et al. [13] . Such a generator easily losses track of the

original image content, subsequently generating words only based

on the word dependencies learned from training captions. Conse-

quently, the generated captions tend to be identical or similar to

training captions, limiting the generalization ability. 

We argue that, in order to address the “drift away” effect, it is

important to apply image features to the word generator during

the generation process. To realize this, a straightforward solution

is to feed image features into the word generator at every gen-

eration step, as illustrated in Fig. 4 b. At step t , the input to the
Please cite this article as: X. He et al., Image Caption Generation wi
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STM consists of two parts. The first one is the embedding vec-

or of the previous word w t−1 ( w 0 is the START token), we use the

mbedding function e ( ·) proposed in [21,22] , which simply maps

 one-hot representation x t−1 ∈ R 

| V |×1 of the word w t−1 to a cor-

esponding row vector of the embedding matrix E ∈ R 

| V |×d , where

 represents the word embedding size, | V | is the vocabulary size.

his can be formulated as follows, 

 t−1 �→ x t−1 , e (x t−1 ) = E T x t−1 (11)

 (x t−1 ) represents the word vector of w t−1 ; m is the projection

f the CNN features. The two vectors, e (w t−1 ) and m , are added

p element-wisely before being fed into the LSTM. To formulate

athematically, 

 t = e (x t−1 ) + m , (12)

here u t is the LSTM input vector used in Eq. 2 . The resulting u t 

ncorporates information of both image and word, thus is richer

nd more meaningful. 

Compared with the popular approach shown in Fig. 4 a, the sec-

nd approach, shown in Fig. 4 b, allows a generator to have an

xplicit reference to image content during every generation step.

owever, the reference to image content may not be useful at all

he steps. In fact, some words of a sentence may be weakly re-

ated to the image to be described. For example, in the sentence

a man is standing on a beach with a kite”, words including “man”,

standing”, “beach”, “kite” can not be inferred without referring to

he input image. Whereas, other words such as “is”, “with” support

he grammatical correctness of the sentence, but they are weakly

elated to the image content. 

Motivated by this, we propose another generation strategy. We

rgue that a word generator needs the reference to image con-

ent only at some particular steps. Considering this, we add a spe-

ial switch into our generator, as illustrated in Fig. 4 c. When the

witch is turned on, image features are fed into the sum module,

hose another branch is the word embedding e (x t−1 ) . The gener-

tor thus receives the fused feature of both image and word em-

edding. Otherwise, if the switch is turned off, the generator only

eceives the word embedding. 

We find the necessity of feeding image feature (or equivalently

he on-off status of the switch) at the current step according to

he grammatical attribute of the previous word. Therefore, we

ake the switch controlled by the grammatical category of w t−1 .

pecifically, we use the PoS tags generated by a syntactic parser,

enna [7,9] . Senna classifies each word into one of its predefined

ags , including NN, VB, JJ, etc. , called PoS tags. From the full set of

oS tags we select a subset ( tagset ), denoted by �. If the PoS tag

f w t−1 is in the selected tagset, the switch is turned on, otherwise

ff. 

Putting them together, we formulate the input to the LSTM, i.e.

 t , as: 

 t = e (x t−1 ) + m � 1 ( PoS (w t−1 ) ∈ � ∪ { START } ) , (13)

here PoS( ·) maps a word to its PoS tag. 1 (·) is an indicator func-

ion. If the PoS tag is not in �∪ {START}, the function outputs a

ero vector whose size is the same as m , thus excluding image

eatures from u t . Notice that we include the special token START

n the set, so that at the first step the LSTM always receives image

eature. 

.3. Training and Inference 

The training process aims to maximize the log-likelihood of the

aption sentences conditioned on the input images. According to

q. 1 , the loss function is formulated as: i.e. 

 = 

∑ 

I,S∈X 
log P (S| I; θ) (14)
th Part of Speech Guidance, Pattern Recognition Letters (2017), 
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= 

∑ 

I,S∈X 

| S| ∑ 

t=1 

log P (w t | w 1: t−1 , I; θ) , (15) 

here S = { w 1 , w 2 , . . . , w | S| } is a caption sentence in the training

ataset X ; P (w t | w 1: t−1 , I; θ) is the conditional probability of the

urrent word w t , which depends on the input image I , the model

arameters θ, and the previous generated words context w 1: t−1 . 

Different from the training procedure, we do not have access to

he whole caption during the testing procedure. Therefore, an iter-

tive strategy is adopted. At each step, the word generator samples

 word from the predicted distribution, and feeds the word in the

ext time step. Once the special token EOS is sampled, the iterative

rocess terminates. 

A straightforward word sampling strategy is to pick out the

ord with the highest conditional probability at every step. How-

ver, a beam search based strategy gives better performance. In-

tead of picking out only one word, we store the top- k words at

very step. k is called the beam width. In the end, we trace back

rom the last word to the first one, selecting the best path of word

equence. The beam search based strategy boosts the performance

y 1% to 2% in terms of BLEU score. 

Also, during test, the precise PoS tag of each word is unavail-

ble, because they could only be inferred when the sentence is

omplete. However, we find that most words have only one corre-

ponding PoS tag. Therefore, we construct a dictionary that maps

ach word to its PoS tag (or tags). If any tag of a word is in the

re-selected tagset �, the switch is turned on. 

. Experiments 

In this section, we will first introduce the experimental settings

n three aspects: the datasets we used, the evaluation metrics, and

he implementation details. Then, we evaluate the performance of

ur model on the standard benchmark datasets, and compare the

roposed method with recent state-of-the-art methods. Finally, we

ive a discussion on the choice of the PoS tagset �. 

.1. Datasets 

To verify the effectiveness of our model, we conduct experi-

ents on two popular and challenging datasets: Flickr30K [36] and

S COCO [4] . 

Flickr30K consists of 31,783 images, each annotated with 5 ref-

rence captions by crowd-sourcing. Hence, it contains 158,915 cap-

ions in total. This dataset is collected from Flickr 1 . Most images of

his dataset are about human activities in daily life. Following pre-

ious works such as [14,33] , we randomly pick 1,0 0 0 images for

alidation, 1,0 0 0 for testing, and the rest for training. 

MS COCO is a comparatively large-scale dataset released by

hen et al. in [4] . This dataset contains 164,062 images with cap-

ions. Unlike Flickr30K, MS COCO gives an official training set split

hich contains 82,783 images and 413,915 captions, and a valida-

ion set which contains 40,504 images and 202,520 captions. Each

raining/validation image has 5 captions. MS COCO also has a test

et whose ground truth captions are not publicly available. Follow-

ng previous works including [13,14,33] , we train our model on the

hole training set, and evaluate its performance on a validation

ubset which contains 5,0 0 0 images. 

.2. Evaluation Metrics 

In our experiments, we adopt three kinds of metrics including

LEU [25] , METEOR [2] , and CIDEr [30] , in order to provide a com-
1 https://www.flickr.com/ . 
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rehensive evaluation of our model. In general, the higher scores

 model achieves under these metrics, its generated captions are

ore similar to the human-annotated reference captions. 

BLEU [25] stands for Bilingual Evaluation Understudy. It is

 metric that has been extensively used for evaluating machine

ranslation algorithms. BLEU is designed to evaluate the quality of

orpuses, but it performs poorly for evaluating sentences. 

METEOR [2] is the abbreviation of Metric for Evaluation of

ranslation with Explicit ORdering. It is another metric for evalu-

ting the alignment between words in the candidate and reference

entences. 

CIDEr [30] stands for Consensus-based Image Description Eval-

ation. This metric is specifically designed for evaluating image

aptioning algorithms. 

.3. Implementation details 

The CNN in our model follows the original VGG16 [27] architec-

ure, which is pretrained on ImageNet [26] . Besides, we connect a

inear layer that projects the vector into one with its size equal to

he word embedding vector so that they can be summed element-

ise directly. The new linear projection layer is randomly initial-

zed. 

For the word generator, we adopt a single-layer LSTM. On the

wo datasets, we use different numbers of LSTM hidden units. The

STM is set with 256 and 512 hidden units for the experiments on

lickr30K and MS COCO, respectively. The weights of the LSTM are

andomly initialized from a Gaussian distribution which has zero

ean and 0.08 deviation. 

Our model is trained with Adam [15] algorithm, which works

est among the popular optimization techniques in our experi-

ents. For stability, we set different learning rates for the CNN and

he LSTM. Specifically, we use a learning rate of 10 −4 for the LSTM

etwork. The learning rate of the CNN is set to zero for the first

,0 0 0 training iterations, then set to 10 −5 . The mini-batch size is

et to 16 for all the experiments. During the testing procedure, the

eam width is set to 2, 8 for MS COCO and Flickr30K, respectively.

We use the latest version of Senna 2 for generating PoS tags.

enna generates nearly 40 different types of PoS tags. The full

agset is denoted by S = {NN, DT, IN, JJ, ...}. The tagset � in

q. 13 is a subset of S . In our experiments, we choose � = S −
( { DT , CC , TO } ∪ ϒ) , where Y contains PoS tags with the lowest fre-

uencies on MS COCO. The choice of PoS tagset will be discussed

n Section 4.5 . 

The proposed model is implemented under the GPU-accelerated

ramework Torch7 [8] . We run the proposed algorithm on a work-

tation with two 2.40 GHz 6-core Intel CPUs, one GeForce GTX 780

raphics cards, and 64GB physical memory. The training process

akes about 2 days on Flickr30K and 3.5 days on MS COCO respec-

ively. Testing an image takes less than 0.1 second. 

.4. Benchmark results 

We compare our model with several state-of-the-art models for

mage caption, such as Google NIC [31] , Guiding LSTM [13] , etc. on

lickr30K and MS COCO datasets. The results of our model as well

s other methods on Flickr30K and MS COCO datasets are shown in

able 1 . The performance of our model is very competitive among

he state-of-the-art methods on Flickr30K. In particular, our model

chieves state-of-the-art results on both BLEU-3 and BLEU-4, out-

erforming the recent Guiding LSTM model [13] . Our model in-

reases the BLEU-3 and BLEU-4 by nearly 3 points compared with

he strong baseline Google NIC [31] . 
2 Downloaded and compiled from https://github.com/torch/senna . 
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Table 1 

The performance comparisons between our method and recent state-of-the-art methods on Flickr30k and MS COCO, “† ” means different data splits 3 , “�” indicates using 

model ensembles technique, “-” indicates unknown metrics. 

Flickr30k MS COCO 

Methods B-1 B-2 B-3 B-4 B-1 B-2 B-3 B-4 METEOR CIDEr 

nearest neighbour(base line) - - - - 0.480 0.281 0.166 0.100 0.157 0.383 

Google NIC † � [31] 0.663 0.423 0.277 0.183 0.666 0.461 0.329 0.246 - - 

Karpathy&Fei-Fei [14] 0.573 0.369 0.240 0.154 0.625 0.450 0.321 0.230 0.195 0.660 

LRCN † [10] 0.587 0.391 0.251 0.165 0.669 0.489 0.349 0.249 - - 

Phased-based IC [17] 0.59 0.35 0.20 0.12 0.70 0.46 0.30 0.20 - - 

m-RNN † [20] 0.60 0.41 0.28 0.19 0.67 0.49 0.35 0.25 - - 

Soft-Attention [33] 0.667 0.434 0.288 0.191 0.707 0.492 0.344 0.243 0.239 - 

Hard-Attention [33] 0.669 0.439 0.296 0.199 0.718 0.504 0.357 0.250 0.230 - 

Guiding LSTM [13] 0.646 0.446 0.305 0.206 0.67 0.491 0.358 0.264 0.227 0.813 

Our proposed model 0.638 0.446 0.307 0.211 0.711 0.535 0.388 0.279 0.239 0.882 

State-of-the-art results using extra attributes information 

Att-CNN + LSTM [32] 0.73 0.55 0.40 0.28 0.74 0.56 0.42 0.31 0.26 0.94 

ATT-FCN [35] 0.647 0.460 0.324 0.230 0.709 0.537 0.402 0.304 0.243 - 

LSTM-A5 [34] - - - - 0.73 0.565 0.429 0.325 0.251 0.986 

3 On MS COCO, NIC reserves 4K images for testing, m-RNN samples 4K images for validation and 1 K images for testing, LRCN isolates 5K images from validation set for 

testing. 

Table 2 

The performance comparisons between our model and some state-of-the-art models on the MSCOCO evaluation server. 

Methods B-1 B-2 B-3 B-4 METEOR CIDEr-D 

c5 c40 c5 c40 c5 c40 c5 c40 c5 c40 c5 c40 

Attention [33] 0.705 0.881 0.528 0.779 0.383 0.658 0.277 0.537 0.241 0.322 0.865 0.893 

m-RNN [20] 0.716 0.890 0.545 0.798 0.404 0.687 0.299 0.575 0.242 0.325 0.917 0.935 

Att-CNN + LSTM [32] 0.725 0.892 0.556 0.803 0.414 0.694 0.306 0.582 0.246 0.329 0.911 0.924 

Our Proposed Method 0.728 0.904 0.560 0.819 0.420 0.715 0.313 0.603 0.249 0.336 0.942 0.951 
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In terms of BLEU-3, 4, our model performance is better than

Guiding LSTM model [13] . Though the results on BLEU-1 is poorer

than Google NIC [31] , they are still comparable. 

With more training data, our model achieves even better re-

sults. On MS COCO dataset, our model outperforms the other

state-of-the-art methods by nearly 3 points on average in terms

of BLEU-1, 2, 3, 4 scores. In terms of METEOR, the performance

of our model is on par with the soft-attention model proposed

in [33] , which adopts a more sophisticated attention-based net-

work architecture. Comparing to Google NIC [31] , our model per-

forms much better in terms of BLEU-1 4 metrics, for example,

nearly 3 points improvement on BLEU-4 metric. Moreover, com-

pared with the recent Guiding LSTM model [13] , our model also

shows a significantly better performance. Overall, our model con-

sistently achieves state-of-the-art performance on most of the met-

rics, further demonstrating its effectiveness and generalization ca-

pability. 

In addition, we also do an online test on the MS COCO server.

And the results are shown in Table 2 . As can be see from the table,

our model has achieved better results than some of the state-of-

the-art methods on MS COCO official test set. Comparing to Att-

CNN+LSTM [32] , our models increase CIDER-D metric by almost 3

points. 

In Fig. 5 , we show some example captions generated by our

model on MS COCO dataset. Generally, our model is able to capture

the essential meanings in images, and generate human-readable

captions. For example, the generated caption of Fig. 5 l shows that

the model captures the main objects in the image, i.e. , zebra, trees,

and field. Moreover, it understands some actions, such as “saying”

and “standing”, which belong to high-level concepts. 

Our model fails under some cases, particularly when back-

grounds are complex. Though our model mostly understands the

major content of an image, it sometimes falsely counts the number

of objects. In Fig. 5 h, the generated caption tells the wrong num-

ber of zebras. And as shown in Fig. 5 i, Fig. 5 j and Fig. 5 l, when
Please cite this article as: X. He et al., Image Caption Generation wi
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he color of the object is similar to the background, the proposed

odel may make mistakes on the object’s activity and the object

ategory. And also in Fig. 5 k, even though our model produces rel-

vant caption, Some mistakes on gender and age have been made.

e assume that the global visual feature extracted from the image

lone is not enough to guide the language model when the back-

round is complex. More fine-grained visual features need to be

sed to avoid such mistakes. 

.5. Discussion 

A key contribution of this paper is to adopt PoS tags to guide

he caption generation process. Therefore, the choice of the PoS

agset � is important. Notice that the PoS tag of the current word

ontrols whether to feed image features when predicting the next

ord. Unfortunately, we are unable to know the optimal choice of

in prior. Therefore, we first use Flickr30K for our ablation stud-

es on the performance impact of each PoS category. Then guided

y the ablation analysis results, we manage to find the best � by

esting several different combinations empirically. 

Table 3 summarizes the ablation results on the contributions of

very single PoS tag and several different combinations of PoS tags

o our model. Senna tool’s output space contains nearly 40 dis-

inct tags. However, we observe that most tags rarely occur in the

aption corpus. So to simplify the experiment, we choose the top

 most frequent tags to do our ablation experiments, which will

ccount for nearly 90 percent of the caption corpus. In addition,

e also perform some preprocessing operations like union on the

oS tags. For example, we suppose that different variations of verb

uch as VBZ, VBN, etc. to be the same grammatical category VB,

nd similarly, for NN tag may represents plural noun(NNS) or NN.

n Table 3 , we investigate the contributions of different PoS tags

o the performance of our model. The baseline model is the one

hose � is an empty set ∅ . According to Eq. 13 , this is equivalent

o feeding image features into the LSTM only at the beginning. As
th Part of Speech Guidance, Pattern Recognition Letters (2017), 
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Fig. 5. Sample captions on the MS COCO dataset. Sentences in black color are captions generated by the proposed model. Sentences in the red color are reference captions 

annotated by human. The last row are failure cases. 

Table 3 

Results on Flickr30K with different choices of �. 

Choice of � B-1 B-2 B-3 B-4 

∅ 0.578 0.379 0.248 0.165 

{DT} 0.592 0.394 0.262 0.176 

{IN} 0.598 0.404 0.265 0.174 

{CC} 0.616 0.423 0.285 0.192 

{JJ} 0.624 0.428 0.289 0.196 

{NN} 0.631 0.436 0.297 0.201 

{VB} 0.624 0.431 0.295 0.201 

{DT, IN, CC} 0.624 0.431 0.295 0.201 

S 0.631 0.439 0.3 0.204 

S − { DT , CC } 0.633 0.443 0.306 0.210 

S − ( { DT , IN , CC } ∪ ϒ) 0.638 0.446 0.307 0.211 

several additional baselines 

dropout images (P = 0.5) 0.612 0.415 0.279 0.189 

dropout images (P = P(DT)) 0.625 0.432 0.294 0.197 

word to word_PoS 0.63 0.437 0.3 0.205 

bigram of DT 0.614 0.419 0.28 0.187 
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e can see from Table 3 , ’NN’, which stands for noun, is the best

ingle candidate among all the PoS tags to guide the image caption

odel in terms of BLEU scores. In contrast, the worst is the PoS tag

DT’, which represents determiner. The performance gap is nearly

 points in BLEU-1 ∼ 3 and 2 points in BLEU-4. Further, from the

esults, the candidates for guiding the LSTM can be ranked accord-

ng to their contributions: NN > VB > JJ > CC > IN > DT. This

erifies our hypothesis that choosing the tag which may be more

elated to the image content can result in a better model. Note that
Please cite this article as: X. He et al., Image Caption Generation wi
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ven when the PoS tag is DT, it can still improve the model per-

ormance by a margin over the baseline model. We assume that

he image content information will be enhanced when the current

ord’s grammatical category is any PoS tag. However, the problem

f overfitting will arise if we ignore the PoS tags, which means that

e choose to input the image feature at every time step, thus it

ill hurt the performance as implied by Table 3 . Compared with

ifferent combinations of PoS tags, it is obvious to see that the

aseline model achieves the worst performance. On average, the

erformance is 3% to 5% lower than the other variants in terms

f BLEU score. This is very likely to be caused by the “drift away”

roblem, since image features are fed into the decoder only once. 

Next, we test the performance of � = S, i.e. , feeding image fea-

ures at every generation step. This scheme works much better

nd gives comparable results to the best results we have achieved.

owever, this scheme is still not optimal. We further remove some

ags from �, namely DT, CC and TO. these tags correspond to

eterminer, coordinating conjunction, and “to” respectively. Since 

ords of these tags lack for information describing the correlation

etween the caption sentence and image content, there is no need

o reserve them in the PoS tagset to guide the generation model.

s shown in Table 3 , removing these tags further improves results

n all metrics. 

Furthermore, we investigate four other additional baseline ex-

eriments on Flickr30K and the results are shown in the bottom

ows of Table 3 . The first two experiments randomly dropout im-

ge features with dropout rate of 0.5 and the distributional ratio of

T (which is 0.186) respectively. As we can see that using dropout
th Part of Speech Guidance, Pattern Recognition Letters (2017), 
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Fig. 6. Sample captions on the Flickr30K dataset using different selection of PoS tag sets. Sentences in the black color are captions generated by the proposed models. 

Sentences in the red color are reference captions annotated by human. Each PoS tagset is represented by � with a subscript index as following �0 = ∅ , �1 = {DT, IN, CC}, 

�2 = S − ( { DT , IN , CC , TO } ∪ ϒ) , , �3 = S . Here we demonstrate captioning results samples of the models using 4 combinations of PoS tags. The model trained using �2 

generates slightly better captions than the others on Flickr30K datasets. 
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rate of value 0.5 performs worse than using the dropout rate of

P(DT), and both have lower BLEU scores than the experiment when

� = S . For the third experiment, we first preprocess each caption

word with its PoS tag as its suffix and then use the transformed

caption to train our model. e.g., ’a dog in a field’ becomes ’a_DT

dog_NN in_IN a_DT field_DT.’. For this experiment, we get a new

vocabulary of size 12667 in comparison with original vocabulary

size of 8612. We notice that this result is very close to the experi-

ment when � = S . This means that just extending each word with

its PoS tag in the caption does not benefit the final performance.

For the fourth baseline experiment, we first do the bigram analysis

of the caption data, and then feed in the image features with prob-

ability P(NN | DT) after the model sees a DT word. Based on our

experiment, 71.3 percent of words after DT belong to NN, 26.5 per-

cent are JJ and only 2 percent of words belong to other PoS tags.

This baseline gives comparable results as the one which randomly

dropout images with probability being 0.5. We assume that the

strategy of randomly dropout images may weaken the association

between the visual features and the Noun (mostly corresponding

to salient objects in an image) in natural language. The best choice

of � we found is shown in the sixth line from the bottom row of

Table 3 . Besides DT, CC, TO, and IN, we remove a subset Y from S .

The subset contains 20 PoS tags that have the lowest frequencies

on Flickr30K. In practice, this set gives the best performance. 

To demonstrate the captioning capacity of resulting models

which are trained using different combinations of PoS tags as guid-

ance, we provide some generated caption samples on Flickr30K in
Please cite this article as: X. He et al., Image Caption Generation wi

https://doi.org/10.1016/j.patrec.2017.10.018 
ig. 6 . From these examples, it is easy to see that using tag set

2 = S − ( { DT , IN , CC , TO } ∪ ϒ) as guidance usually gives us better

aptioning results than other models including our baseline model

here the empty tag set �0 is employed. It’s hard for the baseline

odel to discriminate genders and activities, as shown in Fig. 6 g

nd Fig. 6 f etc . Through these comparisons, we can conclude that

y feeding image features at some particular steps, these errors

an be avoided to some extent. 

. Conclusion 

In this paper, we propose a novel method for image caption

eneration that utilizes the PoS tags to guide the training and test-

ng process. Moreover, we propose to fuse the extracted image fea-

ures with the related word embeddings to avoid the overfitting to

mage content. The competitive results on the benchmark datasets

emonstrate that Part-of-Speech guidance is effective in learning

n Long Short-Term Model for such a fundamental task. In our fu-

ure work, we will try our PoS guidance scheme on more sophis-

icated attention-based models like [33] , and study more effective

ethods for fusing image content and word embedding. 
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