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Abstract

Image captioning is an ongoing problem in computer vision with the aim of gener-
ating semantically and syntactically correct captions. Vanilla image captioning models
fail to capture the structural relationship between objects that are available in images.
To overcome this problem, scene graphs (knowledge graphs) that describe the rela-
tionship between objects have been added to models and improve on results. Current
image captioning models do not consider combining image features and scene graphs
in a common latent space, before generating captions. Graph convolutional neural net-
works have been designed to capture dependency information and are showing promis-
ing results in computer vision. This research aimed to investigate whether the inclusion
of scene graph and image features in a multimodal layer will improve on image cap-
tioning models. Results show that by including scene graph features, image captioning
results improve based on the standard image captioning evaluation metrics. Qualita-
tive analysis shows that by including scene graphs, the structural relationships between
objects in captions improve.
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Chapter 1

Introduction

Image captioning models attempt to describe the content of an image by using natural
language [Yao et al. 2018; Li and Jiang 2019; Xu et al. 2019]. Classical techniques rely
on image regions and object detection to generate captions [Tripathi et al. 2021]. These
classical techniques fail to capture the structure of an image, which contain important
clues for image captioning. Image understanding goes beyond just recognizing objects.
Examples of structure include relationship features about objects and what they are
doing. When generating captions, sentences should be semantically and syntactically
correct [Hossain et al. 2018].

The semantic relationships between objects within an image has been largely un-
tapped [Xu et al. 2017]. Reasoning about the relationships between objects can pro-
vide a deeper understanding of the image thereby providing structured semantic infor-
mation that is useful for image captioning. Semantic information has been shown to
improve image captioning results. Semantic information describes the image in more
details and highlights relationship information between objects [Li and Jiang 2019; Shi
et al. 2020; Yao et al. 2018].

Scene graphs (knowledge graphs) contain structured information that capture ob-
jects and their relationships. In a scene graph, nodes represent objects and edges cor-
respond to the pairwise relationship between objects. Scene graphs add semantic and
spatial relationship information to image captioning models and have been shown to
enhance the performance of image captioning models [Li and Jiang 2019; Xu et al.
2019; Shi et al. 2020].

Image captioning models have evolved over the years. The first image captioning
models went from extracting image features and using these features to generate cap-
tions. Later models added attention layers to pick up on important areas in images
when generating captions. More advanced models take an image, generate a scene
graph and use this scene graph to generate captions. Current models use attention
mechanism to decide when to use image or scene graph features when generating cap-
tions.

The aim of this research is to investigate if combining a scene graph with image
and text features in a multimodal space will improve on image captioning results. The
output captions will be evaluated quantitatively and qualitatively to determine if the
model is reasoning about the image. That is, does the model add more structural
relationship information into the captions?
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1.1 Background

Image captioning is a growing and vital aspect in Artificial Intelligence and can be
applied to a spectrum of areas, such as Visual and Question Answering (VQA) and
education. Image captioning largely depends on the features obtained from the image.
Previously handcrafted features such as local binary patterns, scale invariant features
and histogram of oriented gradients were extracted and passed onto a classifier to
classify objects [Hossain et al. 2018; LeCun et al. 2015].

Hand crafted features are task specific and not feasible for large datasets. Current
image captioning models are taking advantage of the advances of deep learning [Sahba
et al. 2018]. Deep learning techniques such as Convolutional Neural Networks (CNNs)
can automatically learn features which are then passed to a Soft-max layer to classify
an object [Hossain et al. 2018; Sahba et al. 2018].

Image captioning can be broken down into three main categories, namely retrieval-
based, template-based and novel caption generation. Template based methods make
use of two models. The first model detects objects within an image and the second
model is a language model that reasons about relationship between objects within the
image. The detected objects and relationship information is then sent to a template.
Templates initially have a fixed number of blank slots which get filled with objects and
relationship attributes. The generated captions from the template methods are gram-
matically correct. Captions generated by this method cannot vary in length [Hossain et
al. 2018; Liu et al. 2018].

Retrieval methods work by first extracting image features by using a CNN. Images
with similar features are then searched for in the training dataset and the captions are
kept aside as possible candidate options. The query image caption is then generated
by using and adjusting the candidate captions available. Retrieval based methods pro-
duce general and syntactically correct captions but cannot form captions for objects not
present in the training dataset [Hossain et al. 2018; Liu et al. 2018].

Novel image captioning methods analyse the visual scene of an image and use lan-
guage models to generate captions. Novel image captioning models use machine learn-
ing techniques and can generate image specific captions, which are more semantically
correct compared to the other methods [Hossain et al. 2018; Liu et al. 2018].

Vanilla image captioning models are based on the encoder - decoder network [Hos-
sain et al. 2018; Yao et al. 2018; Sahba et al. 2018; Li and Jiang 2019]. CNNs are used
to encode image features, which are then used as inputs to condition a Recurrent neural
network (RNN). The RNN acts as a decoder to generate (predict) captions. To improve
on the results on vanilla models, attention mechanisms have been added [Yao et al.
2018]. Attention mechanisms focus on important parts of an image when generating
captions and thus can achieve better results compared to the Vanilla models [Hossain
et al. 2018].

Previous vision models have been designed to detect and recognise individual ob-
jects in isolation, thus failing to tap into the structural relationship available in the
image [Xu et al. 2017; Li and Jiang 2019]. Semantic information about objects have
been shown to be important for image captioning and improve image captioning when
combined with vanilla models [Yao et al. 2018; Zhong et al. 2020]. Visual scenes con-
tain important information. To capture this information, a structured representation

2



that captures objects and their relationships should be built [Xu et al. 2017; Li and
Jiang 2019; Yao et al. 2018].

Scene graphs provide a way to model the pairwise relationships between objects
within a visual scene [Sahba et al. 2018; Zhong et al. 2020; Tripathi et al. 2021]. A
scene graph can be represented as a triple, denoted by subject-predicate-object [Yao
et al. 2018; Li and Jiang 2019]. Nodes represent objects and edges represent their
pairwise relationship. To generate captions using scene graphs, first the scene graph
needs to be encoded which can be done using various methods. The encoded scene
graph is then passed to a language decoder, which will then generate captions.

Milewski et al. [2020] and Li and Jiang [2019] argue that using scene graphs alone
to generate captions are noisy. Examples of noise could come from information that
is not relevant to the caption, such as background features or information picked up
from pretrained features. To do away with this, the authors use attention mechanisms
to select which features to attend to and pass these onto an RNN to generate captions.
By doing this, the author’s show that image captioning results improve. Tripathi et
al. [2021] takes another approach and combine the scene graphs with visual clues of
the objects. This new visual scene graph is then encoded and passed onto a RNN, to
generate captions.

Tanti et al. [2017ab] take a different approach to image captioning and combine
image and text features (caption sequences) into a multimodal layer. In a multimodal
layer, the different modalities (image and text features) are mapped to a common (se-
mantic) latent space [Hossain et al. 2018]. Image and text features come from different
sources and are not directly comparable. By first encoding these sources and then com-
bining them in a multimodal layer, the heterogeneity gap between the modalities get
reduced and provide better content understanding. By projecting the different modal-
ities into a common space, the model can capture more semantic correlation as well
as reduce the difference between the features. The multimodal layer then serves as
a decoder to generate captions [Tanti et al. 2017ab; Hossain et al. 2018; Chen et al.
2020a]. The authors quantitatively show that using a multimodal layer instead of an
RNN to generate captions produce better results.

1.2 Problem Statement

Image captioning is the task of providing a semantically and syntactically correct de-
scription of an image by using natural language. Deep Neural Networks are good at
discovering structures in high dimensional data and has rapidly advanced the field of
image captioning. Current image captioning models incorporate Computer Vision for
image understanding and Natural Language Processing for text understanding. These
are then combined with machine learning techniques (typically sequential networks)
to generate a description of an image. Image captioning can be applied to a variety of
application in vision and language tasks.

Vanilla image captioning models fail to capture the structural relationships between
objects in an image. Examples of relationship information include what is the object
doing (man kicking ball) or what is the relationship between two objects (man on-
top of horse). Scene graphs help to capture these structural relationship information
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available in images and have been shown to improve on past image captioning models.
Scene graphs alone are noisy and have to be combined with other features such as
image features or spatial information to improve results.

In response to this problem, we propose to implement and evaluate an image cap-
tioning model that combines image, text and scene graph features in a multimodal
layer. By combining these features in a multimodal layer, the heterogeneity gap be-
tween the features will be reduced and will make them more comparable. Having an
accurate image captioning model will aid in applications in vision and language tasks,
semantic search and many more. Current image captioning models have shown im-
provement over the years, however there are still gaps in the semantic component of
image captioning.

1.3 Significance and Motivation

The expected contributions are as follows:

• A model that will generate semantically and syntactically correct captions and
show an improvement over existing models.

• Captions will include more relationship information among objects within an im-
age

1.4 Research Aims and Objectives

Having accurate image captioning models will aid in a multitude of tasks. This research
aims to develop/build onto current image captioning models by expanding on the cur-
rent success of scene graphs and multimodal embeddings. The aims of this research
project will be achieved through the following objectives:

• Implement a new model by combining image and scene graph features in a com-
mon latent space.

• Compare this new model against normal image captioning model (baseline) and
discuss the results of the empirical evaluation.

1.5 Research Question

• Will creating a joint embedding for image, text and scene graph features improve
on image captioning models?

• Will the generated captions be semantically and syntactically correct?
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1.6 Limitations

For this research, pretrained scene graph features will be used. The scene graph fea-
tures might not contain all of the object and predicate information to describe the image
fully.

1.7 Outline

The rest of this research report is as follows. Section 2 contains the background and
related work, section 3 discusses the methodology followed, section 4 discusses the
training of the models and analysis of results and finally section 5 concludes this re-
search.
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Chapter 2

Background and related work

To build image captioning models, the following building blocks were identified and
researched. They are feature extraction, scene graph generation, graph neural net-
works, auto-encoders, language encoders and multimodal layers. The remainder of
this chapter gives an overview of each building block, highlights its importance in im-
age captioning and concludes with a literature review on the topic.

2.1 Image Feature Extraction

In traditional neural networks, every output unit interacts with every input unit and
every weight is used once when computing the output layer [Goodfellow et al. 2016].
CNNs work on parameter sharing and have tied weights. This means that the value
applied to all weights throughout the network remain the same [Goodfellow et al.
2016]. This is useful for extracting similar features throughout the image. CNNs are
designed for processing of spatial data and have a large learning capacity [Goodfellow
et al. 2016; Krizhevsky et al. 2017]. CNNs can produce a good representation of images
by embedding them into a fixed length vector. CNNs consist of different types of layers.
Examples of layers are convolution, pooling and fully connected layers. The typical
architecture for a CNN is shown in Fig. 2.1.

Figure 2.1: CNN Architecture [Amini 2021]

The input to a CNN is typically an image. Images are made up of pixels, which can
be represented by an array with shape ( width x, height y and channels z). The purpose
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of the convolution layer is to extract or detect features [Goodfellow et al. 2016]. The
convolution layer works by sliding an n by n filter across an image. As the filter moves
across the image, the dot product is calculated between the image pixels and the filter
and projects this output onto a feature map, thus extracting local features. The filter is
then shifted by a stride and is repeated until the filter moves across the whole image
[Amini 2021]. The more convolution layers added to an image, the more features
are detected. The first layers normally detect low level features (edges) and latter
layers detect high level (structure) features [Amini 2021]. Equation (2.1) shows the
convolution operator for a two-dimensional image, where I is the image and K is the
kernel [Goodfellow et al. 2016].

S[i, j] =
∑
m

∑
n

I[i−m, j − n]K[m,n] (2.1)

The pooling layers merge similar features into one. Fig. 2.2 shows an example
of max pooling with a stride of 2. Pooling is performed by down sampling the data
from the feature map (dimensionalality reduction) [Zhao et al. 2019]. Pooling helps to
preserve spatial invariance [Goodfellow et al. 2016]. Finally a fully connected neural
network is connected to the output layer for classification (image classification) [Zhao
et al. 2019].

Figure 2.2: Example of Max pooling with stride 2

2.2 Scene graph generation

Scene graphs model the relationships between objects within an image, providing valu-
able semantic clues for image captioning [Xu et al. 2017]. A scene graph can be rep-
resented as a triple denoted by subject-predicate-object [Yao et al. 2018; Li and Jiang
2019]. Nodes represent objects and edges represent their pairwise relationship. Fig.
2.3 shows an example of a scene graph, where blue nodes represent objects (e.g. man,
horse) and the red edges represent the relationships between the objects (e.g. feeding,
holding) [Xu et al. 2017; Sahba et al. 2018; Yao et al. 2018]. Formally, a scene graph
can be defined by G = (V,E), where V represents the set of objects and E represents
the set of relationship (features) between pairs of objects.

A scene graph can be represented by an adjacency matrix and a corresponding
node feature (attribute) matrix. The adjacency matrix models the relationship between
nodes in a graph and the node feature matrix represents the attribute, in this case pred-
icate, of each node. An example of a scene graph in matrix format can be seen in Fig.
2.4 and is denoted by A. If A[i, j] = 1, then there exists a relationship between object i
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Figure 2.3: Example of a scene graph [Xu et al. 2017]

Figure 2.4: Example of adjaceny and node matrices

and object j. X represents the node features between the object pairs, with 1 indicating
there is a predicate relationship between objects.

To construct a scene graph, the first step is to detect objects within an image and get
their bounding boxes (image regions) [Xu et al. 2017; Yao et al. 2018]. The bounding
boxes correspond to the nodes and edges represent the pairwise relationships in a scene
graph [Xu et al. 2017; Sahba et al. 2018]. The challenge of generating scene graphs
lies in the reasoning about the relationships between the objects (bounding boxes) [Xu
et al. 2017]. Most scene graph generation methods make local predictions to predict
the relationship between objects. The main problem with making local predictions is
that the surrounding context of the image is ignored [Xu et al. 2017].

Xu et al. [2017] and Sahba et al. [2018] use Gated Recurrent Units (GRUs), a se-
quential network, to generate scene graphs. Given objects and their corresponding
labels, Xu et al. [2017] train a classifier to predict the predicate (relationship) between
objects. The dataset used to train the classifier is a modified version of the Visual
Genome (VG) dataset, which contains human annotated scene graphs [Xu et al. 2017].

Sahba et al. [2018] use Natural language processing (NLP) techniques to extract
attributes available in captions and combine this with objects to generate scene graphs.
The model accepts an image as an input and generates regions and corresponding
captions for each region. NLP techniques are then used to extract image attributes. The
object and attribute relationships are then learnt using a GRU model.

Yao et al. [2018] and Zhong et al. [2020] use GCNs to construct scene graphs. Yao
et al. [2018] use the model from Xu et al. [2017] and added an attention layer to select
the visual relationship features from the scene graph to be used for image captioning. A
R-CNN model is used to detect object regions and a GCN is used to predict the predicate.
The GCN is trained on the VG dataset.

Zhong et al. [2020] use MotifNet to extract scene graphs from images. MotifNet is
a GCN for directed graphs [Monti et al. 2018]. In a directed graph, the edge must start
and end on an object. MotifNet was trained on the VG dataset.
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2.2.1 Graph neural networks

A challenge with graph structure is finding ways to represent the data so that it can be
used in downstream machine learning tasks [Hamilton et al. 2017; Zhou et al. 2018].
Modern deep learning models are designed for sequences and grids and designed for
data that has some euclidean property that can be exploited. Graphs come in different
sizes, have no node ordering and represent non euclidean data [Hamilton et al. 2017;
Zhou et al. 2018].

Graph representation learnings, focus on methods that learn to embed nodes as low
dimensional embeddings [Hamilton et al. 2017; Zhou et al. 2018]. Fig. 2.5 shows an
example of a node been projected into an embedding space. The goal is to optimize
the embedding space so that the geometric relationship in the embedding space corre-
sponds to the relationship in the original structure [Hamilton et al. 2017; Zhou et al.
2018]. The learnt embedding can then be used as features in other machine learning
tasks [Hamilton et al. 2017; Zhou et al. 2018].

Figure 2.5: Message passing framework [Hamilton et al. 2017]

Graph neural networks (GNNs) are good for learning relationships and node em-
beddings. The benefit of using GNNs over other embedding techniques like random
walks and encoder-decoder networks is that there are no parameter sharing between
nodes in these networks, and embeddings act as a shallow look up. This poses a prob-
lem as shallow embeddings can only generate embeddings for nodes that are present
during training [Hamilton et al. 2017; Zhou et al. 2018].

GNNs are based on the idea of message passing which captures dependencies be-
tween nodes in a graph. Message passing is a method where nodes are updated by
exchanging vector messages between nodes [Hamilton et al. 2017; Zhou et al. 2018].
An overview of the message passing framework can be seen in Fig. 2.6.

Figure 2.6: Message passing framework [Hamilton et al. 2017]

Given node A, the GNN aggregates information from A’s neighbours, which are B,

9



C and D. These neighbours are connected to other nodes (neighbours) in the network,
so the aggregation of A takes these into account. Mathematically this can be expressed
by:

h(k+1)
u = UPDATE(k)(h(k)

u , AGGREGATE(k),∀vϵN(u)) (2.2)

h(k+1)
u = UPDATE(k)(h(k)

u ,mk
N(u)) (2.3)

Where k represents the iteration number and mk
N(u) is the aggregate function that

has the message that has aggregated information from u′s neighbour. The update and
aggregate are neural networks. The message is then used to update the hidden state
of the network [Hamilton et al. 2017; Zhou et al. 2018]. Converting Equation (2.3)
into a form that can be implemented results in:

Hk = σ(AHk−1W k
neighbour +Hk−1W k

self + b) (2.4)

Where Hk represents the node, H0 = X, with X being the node feature matrix, and
A represents the adjacency matrix. Given that nodes in a GNN share information, the
equation can be simplified to:

Hk = σ((A+ I)Hk−1W k) (2.5)

The equations presented were adapted from [Hamilton et al. 2017].

2.3 Autoencoder

Graph neural networks help to encode structure into algorithms. The adjacency and
node feature matrix from the MSCOCO dataset are of size A = (1599, 1599) and X =
(1599, 21) respectively. Both these matrices are sparse and are computationally expen-
sive to pass through a graph neural network. To compress and transform the graph
matrices into a low dimensional embedding, a graph autoencoder will be used.

Autoencoders can be seen as two networks. The first network encodes input data
into a compressed representation. The second network takes this compressed represen-
tation and tries to recreate the input data. The autoencoder is trained to minimize the
mean squared error loss between the original input data and the reconstructed data,
which is shown by ||X −Xrec||2.

The architecture of a graph autoencoder is shown in Fig. 2.7, where MP is the
message passing network described in Section. 2.2.1. The pooling layers are used to
down sample features into a compressed representation. The network up to this point
represents the compression of information. This compressed information is then passed
to an unpool layer, which up samples the data and passes it through a message passing
network to try to reconstruct the data.

2.3.1 Language encoder

Sequential Networks such as a Long short-term memory networks (LSTM) have achieved
good performance in sequential modelling applications such as language modeling and
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Figure 2.7: Architecture for the graph autoencoder [Bianchi et al. 2020]

machine translation [Cho et al. 2014; Vaswani et al. 2017]. An LSTM network will be
used to encode the input text/sequence. The encoder maps each sentence into a fixed
length vector representation which will then be combined with other features in the
multimodal layer.

Figure 2.8: LSTM Block Architecture [Chung et al. 2014]

Fig. 2.8 outlines the architecture of LSTM network. An LSTM network typically
consists of an input gate, output gate, forget gate and memory cell, which control the
flow of information [Amini 2021]. Consider a sequence of text represented as xt (input
to LSTM), where t is the t− th word in the sequence. The sequence propagates through
the input to the output gate as follows:


ijt
f j
t

cjt
ojt

 =


σ(Wi · xt + Ui · ht−1 + Vict−1)

j

σ(Wf · xt + Uf · ht−1 + Vfct−1)
j

f j
t c

j
t−1 + ijtctj̀

σ(Wo · xt + Uo · ht−1 + Voct−1)
j

 (2.6)

The input gate, ijt , saves the input into state c̃. The forget gate, f j
t , is used to forget

irrelevant information from the previous state. The input gate and forget gate computes
the sum of the current input, previous hidden state and previous cells memory. The
memory of the cell, cjt , is then updated by forgetting irrelevant information and adding
new information [Chung et al. 2014]. The output gate, ojt , controls which information
from the current state is passed onto the output. The output activation of the LSTM is
computed by:

hj
t = ojt tanh(c

j
t)

σ represents a sigmoid function, V is a diagonal matrix and W and U are the weights
of the network. The equations presented were adapted from [Chung et al. 2014].
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2.4 Multimodal Layer - Feed forward neural network

Different modalities provide semantic information and when combined together they
help us to understand the world better [Chen et al. 2020a]. When constructing multi-
modal problems, it is important to understand what the different modalities are made
up from [Chen et al. 2020a]. Images are usually represented by array and text is rep-
resented in symbolic form [Chen et al. 2020a]. The unique distributions between these
features lead to a heterogeneity gap and the features are not directly comparable (dif-
ference between features) [Chen et al. 2020a]. Models for combining different modal-
ities need to reduce this and project features into a common latent space where the
semantic relationship between the modalities are captured and the differences between
the features get reduced [Chen et al. 2020a]. Fig. 2.9 outlines this whole process.

Figure 2.9: Combined modality Example [Chen et al. 2020a]

Extracted features are modality specific and need to be combined together in a com-
mon latent space. Examples of techniques used to combine features are feature fusion,
bilinear pooling methods and attention mechanisms [Chen et al. 2020a]. Feature fusion
methods integrates data from different modalities in a common latent space. This can
be achieved by concatenating (adding) the output of two models together. In bilinear
pooling, features extracted from two networks are combined together using the outer
product between the two vectors/matrices [Fukui et al. 2016].
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2.5 Literature Review

Kiros et al. [2014] were the first to use neural networks to generate captions for an
image. The model used by the authors is a multimodal log bilinear model (MLBL-B).
The model generates text that is conditioned by images and can jointly learn word
representations and image features. The MLBL-B model is based on a log bilinear
model (LBM), which is a simple neural network with a single layer. The goal of the
LBM model is to predict the next word in a sequence of text. To do this, it learns a
word representation (embedding) for all words in a vocabulary. Building onto an LBM
model, an additive bias team was added and the resulting model is the MLBL-B model.
The next word to be predicted is now a combination of word features that are biased by
image features. The importance of this research is that it is the first to generate captions
without the need of template model. This is achieved by learning a joint representation
for image and text features. The drawback to this research is that a fixed length of
words (context) is required.

To overcome fixed length context, the authors in Mao et al. [2014] used a recurrent
neural network in a deep learning architecture and became the first authors to do so.
The benefit of using an RNN is due the ability of an RNN to handle arbitrary context
length. The model used by the authors is a Multimodal recurrent neural network (m-
RNN). The m-RNN model is made up of an RNN, CNN and multimodal layer. The RNN
is used to learn embeddings for each word in the vocabulary and stores this in memory.
The CNN is used to extract image features which are then combined with text features
in a multimodal layer. The multimodal layer is connected to a softmax layer and the
output is the probability distribution of the next word in the model.

Vinyals et al. [2014] were among the first to use machine translation techniques to
caption images. The goal of machine translation is to convert a sentence into a target
language by maximizing the probability of a translation (T) given a sentence (S), which
can be represented as max p(T|S). To do this, an RNN is used as an encoder to convert
a sentence into a fixed length vector. Another RNN is then used as a decoder to generate
a translation. Applying the same principle to image captioning, the goal is to maximize
the probability of a correct sentence been generated given an image, max p(S|I). To
do this, the encoder RNN is replaced by an encoder CNN. CNNs extract features and
produce a good representation on the image by embedding features into a fixed length
vector. This feature vectors are then fed to an RNN which is trained to produce the
next most probable word in the caption. This architecture is known as the encoder-
decoder network and is prevalent in image captioning. By using an RNN as a decoder
as opposed to a mutlimodal layer as in Mao et al. [2014], the RNN is able to keep track
of information that has passed through the network.

The above mentioned papers use a CNN to extract image features and compress
these features into a fixed length vector. By doing so, possible information that could
provide more insights get lost in this compression. Building onto this idea, Vaswani
et al. [2017] use an attention network to generate captions from an image. Attention
mechanisms focus on different important parts of an image when generating captions
and thus can achieve better results compared to the Vanilla models.

Tanti et al. [2017ab] quantitatively evaluate the role of the RNN in image cap-
tioning. In a standard encoder-decoder image captioning model, image features are
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injected into the hidden state of the RNN. The RNN is then trained to produce the next
probable word in the sequence. To compare results against this model, the authors cre-
ate a merge model which treat text and image features separately. Images are encoded
using a pretrained CNN and text is encoded using an RNN. The vector results from the
encoders are then combined in a multimodal layer, which generates output captions.
This is similar to the work done by Mao et al. [2014]. Results from this study con-
clude that it is better to merge image and text features into a multimodal layer before
generating captions.

Li and Jiang [2019] created a hierarchical attention model that learns to discrim-
inate between features when generating captions. The authors use a region proposal
network to generate a set of objects. Scene graphs are created by following the method
proposed by Xu et al. [2019]. Visual features are extracted from objects and triples are
extracted from the scene graphs. The visual features and triples are then passed onto
an hierarchical attention LSTM fusion model that generates captions. The model auto-
matically selects which features are important during the caption generation phase.

Yao et al. [2018] uses a GCN-LSTM model that combine the spatial and seman-
tic relationships between objects to generate image captions. Objects are detected by
using the ResNet-101 and a Faster R-CNN model. Spatial object relationships are de-
termined by their Intersection of Union and relative distance to each other. Semantic
relationships (scene graph) are learnt by classifying objects using the Visual Genome
dataset. The semantic and spatial graphs are encoded using a GCN networks which
produces relationship awareness representations. These relationships are decoded us-
ing an attention LSTM which produces image captions. The authors did not include
image features in their combined model.

Instead of using one scene graph to generate a caption, Zhong et al. [2020] created a
model to decompose a scene graph into sub graphs. Each sub graph captures a semantic
component of an image and is used to generate dense captions. Given an image, the
authors use MotifNet to generate a scene graph. The scene graph is then decomposed
into smaller graphs using neighbour sampling. A GCN is used to rank subgraphs which
are then decoded by an attention LSTM model.

Tripathi et al. [2021] creates a scene graph by combining Pseudo-labels and Hu-
man object interaction (HOI) information. The motivation behind this is that scene
graphs are a black box model and contain noise that lower the performance of image
captioning model. To create Pseudo-labels, a pretrained Visual scene Graph is trained
on the Common object in context (COCO) dataset. The HOI is constructed by using a
pretrained object detector trained on the COCO dataset as well. The final scene graph
is constructed by using the unions of the HOI and Pseudo-labels graphs. A GCN is used
to encode the final scene graph and an LSTM is used as a decoder to generate cap-
tions. To generate captions the authors only use labels from the scene graphs and no
CNN/Object features.

14



Chapter 3

Methodology

3.1 Research Design

The study undertaken is confirmatory experimental research to determine how effective
an image captioning model that combines scene graphs and image features will be in
generating captions. To complete this research, four sub methods were identified. They
are image feature extraction, scene graph generation, language decoding and caption
generation, which will be achieved by using a multimodal layer.

3.2 Data

The images and captions used for this research are from the MSCOCO dataset. The
MSCOCO dataset is freely available and no restrictions on its use apply. The dataset
contains more than 150,000 images and has five captions per image. The dataset was
split according to 30000/2000/2000 train/validation/test images. Each of the images
has five captions and the captions were prepossessed in the following way:

• Lower case all characters

• Remove all punctuation and numeric characters

• Choose the 10,000 most common words to be in the vocabulary

• Add a start (startseq) and end (endseq) sequence token

Preprocessing ensures all captions are generalised and reduces the length of the
captions to make them less sparse when converting them to a vector representation.
An embedding layer is included in the model. The embedding layer is not pretrained
and each word is learnt as training progresses. A start sequence token is used to trigger
the model to start generating captions and an end sequence token is an indication to
stop generating captions (end of sentence).
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3.3 Methods

The image captioning architecture used for this research is based of the work from Tanti
et al. [2017ab]. The authors apply a merge model that treats image and text (caption
sequence) features separately and joins these features together in a multimodal layer.
Fig 3.1 shows the architecture overview of the merge model. A word or sequence of
words is passed through an RNN to get an encoded vector. The encoded vector is then
combined (merged) with image features in a multimodal layer. The model is trained to
learn/generate the next word in the sequence. The output of the multimodal (FF) layer
is a probability distribution that contains the most likely next word in the sequence. The
most likely next word is then added to the sequence of words and the process repeats
itself until an end of sentence token is generated, which results in a caption [Tanti et
al. 2017ab].

Figure 3.1: Merge architecture [Tanti et al. 2017ab]

This image captioning model is adapted to account for the extra scene graph fea-
tures. An overview of this complete architecture can be seen in Fig. 3.2 and each
component will be discussed in detail in the sections that follow. The adapted model
works in a similar manner to the model in Fig. 3.1 with the addition of the scene graph
feature been merged with the image features and encoded text vector.

Figure 3.2: Merge architecture with scene graphs

3.3.1 Image feature extraction

To extract image features for this research, The InceptionV3 model was used. The
InceptionV3 model was pretrained on Image-net to predict 1001 different classes. The
last layer, the classification layer, was removed and results in a (2048,1) dimensional
feature vector for each image. Compared to other common CNN networks like VGGNet
and AlexNet, InceptionV3 achieves good results in image classification and is more
computational efficient [Szegedy et al. 2015]. The extracted image features will be
used as inputs to multimodal layer.
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3.3.2 Scene graph generation and encoding

The scene graph features used in this project were obtained from Zhong et al. [2020].
To obtain the features, the authors used Fast R-CNN to detect objects. To determine
the relationship between the detected objects, the authors used Motifnet, which is a
GCN, and trained it on the VG dataset. The VG dataset contains relationship pairs for
over 108K images [Krishna et al. 2016]. The authors then applied the trained model to
the MSCOCO dataset, extracting scene graph features for each image. When extracting
scene graph features, the authors selected the most common 1599 objects and most
common 21 predicates. Matrix A is of shape (1599, 1599) and represents a sparse matrix
and matrix X is of shape (1599, 21). For the MSCOCO dataset, Fig. 3.3 shows a sample
set of a scene graphs and Fig. 3.4 shows the constructed adjacency and node feature
matrix. Each scene graph will be passed to the graph autoencoder to learn a lower
dimensional embedding.

Figure 3.3: Sample set of the MSCOCO scene graph

Figure 3.4: Construcuted node and adjacency matrix from the MSCOCO dataset

3.3.3 Graph autoencoder

The node and adjacency feature matrix for each scene graph is sparse and are com-
putationally expensive to pass through a graph neural network. To compress and
embed these features into a lower dimensional embedding, the graph autoencoder
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model from Bianchi et al. [2020] will be used. Different channel and pooling lay-
ers sizes will be tested to determine which is the best configuration to use for im-
age captioning. After the pooling layer (reduction), the output vector will be of size
(1599/SizePool, GNNchannel). The output vector represents the embedding of a scene
graph and will be used as inputs the multimodal layer.

3.3.4 Multimodal Network

The image, text and scene graph vectors for this research will be merged together in a
multimodal layer. The merging will be done by concatenating (adding) all the vectors
together, as done in the model by Tanti et al. [2017ab]. To construct the multimodal
layer, a feed-forward neural network will be used. The layers in the feed-forward neural
network is defined by :

z = Wx̄+ b (3.1)

where x̄ is the input vector consisting of image, text and scene graph features, W is
the weight matrix and b is the bias vector. The output vector is denoted by z, and will
be passed through a soft-max activation function, which is denoted by :

softmax(z)i = ezi/
∑

ez (3.2)

The softmax function outputs the probability distribution of words in the vocabulary
for the next word in the sequence.

3.3.5 Language encoding and caption generation

For every caption, a sequence of words will be fed into the LSTM (RNN) network.
Initially this will be the start sequence token. The start sequence token is then encoded
via the LSTM network and combined with the image and scene graph features for the
image being trained on. The combining of features will be done using a FF network as
described above.

The output of the FF network will be the next most probable word in the sequence.
This will be compared with the ground truth word and the model will update the loss
accordingly. This continues until every word in the caption evaluated and the end of
sequence token is reached. This process will start again for a new image and scene
graph pair.

During inference, greedy search will be used to generate the captions. The output of
the multimodal layer will produce a probability output of the next best word to include
in the caption. Based on the output of the Equation 3.2, the position of the maximum
probability will be chosen. This position corresponds to a word in the vocabulary set.
The process of choosing a word with the highest probability is known as greedy-search.
The word with the highest probability will be concatenated with the start of sequence
token. This newly formed sentence will be encoded and combined with the image and
scene graph features and the next most probable word will be generated. This process
repeats itself until the end of sequence token is generated. The end of sequence token
indicates that the caption has now been generated.
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3.4 Analysis

Reference/human annotated captions for images from the MSCOCO dataset are avail-
able. These captions will be evaluated against captions generated from the proposed
method. To evaluate the generated captions, the Bilingual evaluation understudy (BLEU)
and Consensus-based Image Description Evaluation (CIDEr) will be used.

The BLEU metric works by counting n-grams (word pairs) from the generated sen-
tence and compares this to the n-grams available in the reference sentences [Hossain
et al. 2018]. The BLEU metric is split up into 4 scores, which are BLEU 1, 2, 3 and
4. Each number corresponds to the n-grams to match against. E.g. a 2 - gram will
evaluate each pair of consecutive words in the caption against consecutive pairs in the
reference sentence. The results will be averages across the whole dataset. As the BLEU
metric move from B-1 to B-4, the emphasis changes from just an occurrence of words
to the ordering of words (words in sequence). BLEU scores range from zero to one,
with a score closer to one meaning the generated caption is closely resembled to hu-
man annotated captions. The disadvantage of using the BLEU metric is that syntactical
correctness is not considered and it only works well when sentences are short [Hossain
et al. 2018].

The CIDEr metric is a consensus based metric for evaluating sentences [Hossain
et al. 2018]. The CIDEr metric measures the similarity between generated text and
human annotate sentences. CIDEr uses term frequency-inverse document frequency
to calculate similarity [Liu et al. 2018; Hossain et al. 2018]. Compared to the BLEU
scores which tries to match words, the CIDer score considers certain words to be more
important than others [Liu et al. 2018; Hossain et al. 2018].
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Chapter 4

Training and Results

4.1 Training details

4.1.1 Training details - Graph autoencoder

The model and code used to train the scene graph autoencoder were taken and adapted
from Bianchi et al. [2020]. The hyperparameters for the model include the number of
GNN channels (dimensions) and the size of the pooling layer. The channel size and
pooling layers were varied amound four settings of (2, 4), (8, 4), (16, 4) and (32, 4). The
larger the channel size, the larger the scene graph feature matrix is. Each option was
trained for 30000 epochs with patience set to 1000. If the model loss does not decrease
for a 1000 consecutive epochs, the model will stop training. This ensures that the model
does not overfit the data. The loss function used for training is the mean squared error
loss function. Each trained network was then applied to the generated scene graphs to
encode the graphs and reduce the size of the dimensions.

4.1.2 Training details - Image captioning model

The model was trained to predict the next word of the sequence after it has seen the
image, scene graph and all preceding sequences until the end of sequence token is
reached. It was trained on Google Colab with python version 3.8 and a Tesla P100
GPU. It was set to train up to 50 epochs, with a early stopping of 5 for accuracy on
the validation set. Early stopping prevents the model from over-fitting. The number
of units used in all layers of the network was set to 256. Dropout layers with a values
of 0.2 were also included. The loss function used for this model is categorical cross
entropy. For each of the parameter options available from the graph autoencoder, the
image captioning model was trained over 5 runs and results averaged.

To compare the performance of the proposed scene graph image captioning model,
a baseline (normal) model was constructed and trained. The normal model includes
all the layers except the layer with the scene graph features. The parameters in the
baseline model match that of the scene graph model. The results of both models are
presented in Table. 4.1. IC normal refers to the baseline image captioning model and
SG refers to the scene graph captioning model. The terms within the brackets are the
GNN channel and pooling size used. The best score for each model across the metric is
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Metric
Model B -1 B - 2 B - 3 B - 4 CIDEr

IC Normal - no dropout 0.653 0.471 0.325 0.224 0.724
IC normal with dropout 0.656 0.474 0.326 0.219 0.731
IC with SG (2,4) 0.652 0.467 0.319 0.218 0.712
IC with SG (8,4) 0.652 0.468 0.322 0.221 0.720
IC with SG (16,4) 0.655 0.472 0.326 0.226 0.737
IC with SG (32,4) 0.651 0.468 0.324 0.225 0.722

Table 4.1: Model results based on BLEU and CIDEr

shown in blue. A normal image captioning model with no dropout was also trained. The
results from this model show that dropout helps to improve image captioning scores.

4.2 Analysis

4.2.1 Quantitative analysis

Analysing the results from Table. 4.1 shows that as the number of GNN channels in-
creases from 2 to 16, the captioning results improves. This is expected as more in-
formation gets retained as the size of the embedding increases. The best scene graph
model is with the number of GNN channels set to 16 and a pooling size of 4. For a GNN
channel size of 32, the model does not perform as well when compared to the model
with a GNN channel size of 16. Comparing the best scene graph model to the results
of the normal image captioning model, the scene graph model improves on captions
with longer dependencies (B-4) and provides a better overall consensus score. Over
short term dependencies, B-1 to B-2, the BLEU scores are close. For a B-3 score, the
results from both models are the same. The baseline model had a slightly higher B-1
and B-2 score. A higher B-1 (unigram) score points towards the same words appearing
in both the generated and ground truth captions, the words do not necessarily have to
be in the same order. Similarly, a higher B-2 score points towards a higher sequence
match between word pairs in the generated and ground truth captions. The SG model
has a higher B-4 score, which means there is a higher match between a sequence of 4
words in the ground truth and generated captions. The longer the n-gram, the more
important the word ordering is.

The main property of the CIDEr meteric is that it measures the similarity between
the generated and ground truth captions. The SG model has the higher CIDEr metric
between the models. This points to the SG model captions being more similar to cap-
tions that are generated by humans. The captions generated from both models will be
qualitatively evaluated in the next section to determine if the high B-4 score and CIDEr
scores point to more information been added to captions from the scene graph model.
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4.2.2 Qualitative analysis

This research aimed to investigate if combining scene graph features with image fea-
tures will add more relationship (structure) information into captions. To determine if
this is the case, images were sampled and qualitatively evaluated. Below are 5 exam-
ples that explain in detail what the ground truth captions as per the MSCOCO dataset
are and compares this to the captions that are generated from the normal and scene
graph models. A further 6 examples are provided with summarized findings. The 11
examples selected are based on results of 2000 images. The 11 images show positive,
negative and neutral cases of the scene graph model. The examples were also selected
to depict different object interactions and scene settings. To this end, the examples
used are a fair representation of the results achieved.

For the first five examples reflected below, each image is shown with its correspond-
ing scene graph, ground truth and generated captions. The caption from the scene
graph model is compared against the caption from the baseline model and ground truth
caption to evaluate if adding scene graph features adds more structural information to
the caption. The purple block around the scene graph images highlight the relationship
forming around objects. These relationships can also be seen in the actual image. In
the scene graph images, the blue and red nodes represent objects and predicates re-
spectively. If a relationship pair was picked up and if either the predicate or object was
not known, this was set to a background token to indicate that there is some important
relationship. A possible reason for objects/predicates not been picked up was due to
the size limit of only using the most common objects and predicates across the whole
dataset. For the captions, the following notation is used. NC is the normal caption
which is generated from the normal image caption model. SGC is the caption that is
generated from the scene graph model and GT is the ground truth caption that is taken
from the MSCOCO dataset.

Figure 4.1: Positive Examples
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The images in Fig. 4.1 are positive examples of how adding scene graph features
improves captioning. The ground truth caption for sub image A is a picture with some
flowers that are on a table. Looking at the image, the main objects that can be seen are
flowers, table and vase. The caption from the normal model for the same image is a
white vase with a white vase on it. The normal model fails to pick up on the flowers and
table and produces and incomplete caption. In comparison, the caption from the scene
graph model is a vase with flowers on it sitting on a table. Looking at the image of the
scene graph, the purple square highlights the main objects which are flowers, vase and
table and shows that these objects are connected through predicates. By including the
scene graph features, the model provided more structural relationship about the image
and the caption is aligned more closely to the ground truth caption.

The ground truth caption for sub image B is a woman wearing a white hat and white
coat snowboarding down a slope. Looking at the image, the main objects that can be
seen are person, snow, snowboard and items of clothing. These objects are present in
the ground truth caption. The caption from the normal model is a person on skis in
the snow on a snowy day. The normal model is able to identify key objects and reason
about the image. The idea of adding scene graph features was to improve captions
by adding more relationship information. The scene graph caption for this image is
a man in a red jacket is skiing down a hill. Looking at the scene graph image, the
purple square highlights the relationship between a person object and clothing. This
relationship gets transferred to the caption. The model is trying to reason about the
image by showing the action of the image which is skiing down a hill and trying to
find a relationship between objects, which is person wearing jacket. This additional
relationship information adds more context to the generated caption, which results in
more structure. For the positive cases, the inclusion of the scene graph provided more
relationship information which resulted in the scene graph captions being more aligned
to the ground truth captions.

Figure 4.2: Neutral Examples
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The images in Fig. 4.2 are neutral examples. The ground truth caption for sub
image A is a bike parked on a grass field next to a river. The main objects within the
image are bike, road, river and grass. The normal caption generated for the same
image is a bicycle parked on the side of a road. The normal model successfully identifies
the main objects, reasons about them and is aligned to the ground truth caption. The
scene graph caption for the same image is a man riding a bike down a road next to a
body of water. Looking at the purple square around the scene graph, it a clear that a
relationship is forming around road, bike, water and grass, which are the main objects
in the image. All three captions are closely aligned. The scene graph model is trying to
add more relationship information into the caption by reasoning about the location of
the bike, which is next to the river and road.

Similarly for sub image B, the main objects are street and sign pole (object on
street). The scene graph and normal captions are not fully aligned to the ground truth
captions. All three models attempt to relate objects to a street corner. The scene graph
model is trying to reason about the objects detected in the scene graph by including the
detected objects in the caption. The scene graph model does not add any additional
relationship information into the caption.

Figure 4.3: Negative Example

The image in Fig. 4.3 is a negative example of how neither the baseline nor the
scene graph model aligns to the ground truth caption. The ground truth caption is cars
parallel-parked on a street with a streetlight in the background. From the image, we
can see that the main objects are cars and streetlights/street-signs. The normal caption
generated is a street sign with a car on it. While the baseline model picked up the cor-
rect objects, the model failed to correctly reason about them. From the scene graph,
we can see a relationship forming around “on” and some unknown predicate. The ob-
jects around these predicate are car, sign and some unknown object. The scene graph
model produced a caption of a street sign on a street corner with a stop sign. While the
objects were identified in the scene graph, the model failed to provide a better caption
compared to the normal caption.

Following a similar methodology, the results of six further examples are presented
below. The images in Fig. 4.4 represent positive cases where the scene graph model
generated captions that describe the image in more detail. The normal and scene graph
captions for sub image A are a man riding a skateboard on a city street and a man rid-
ing a skateboard down a street respectively. The main objects in the image are man,
skateboard and street. Both captioning models produce good results and are aligned
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with the ground truth captions. The scene graph model is able to pick up on the cor-
rect predicate, which is down. The normal and scene graph captions generated for sub
image B are a man is standing in a room with a laptop and a man is standing in front of
a couch with a remote control respectively. The main relationship is a person standing,
which the normal caption picks up. In addition to this, the scene graph model is able to
add additional information about the object (man), which is that he is holding (pred-
icate) an object and standing (predicate) in front of an object. This is consistent with
the ground truth caption. In both cases presented, the scene graph model provided a
better predicate choice and picked up on the main relationships in the images. The

Figure 4.4: Positive Examples

normal captions generated for the sub image A and B in Fig. 4.5 are a a baby is sitting
on a bed with a stuffed animal and a dog sitting on a couch with a dog respectively. For
the same images, the scene graph generated captions are a baby is laying on a bed with
a stuffed animal and a black and white dog laying on a couch respectively. Both models
can pick up on the objects and their relationship but with the key difference being in
the predicate generated. The correct predicate is laying, which the scene graph model
successfully picks up on. For sub image B, the normal caption model tries to add ad-
ditional information into the caption which is not present in the image, which is “with
a dog”. A possible reason for this could be the model seeing an image with two dogs
in the training set and tries to reproduce this (bias). The captioning for both models is
consistent with the BLEU scores generated. For 1 gram to 3 gram the models are close
(baby is sitting, on a bed etc.).
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Figure 4.5: Neutral Examples

Figure 4.6: Neutral Examples

The images in Fig. 4.6 represent neutral cases where the scene graph model gen-
erated captions that describe the image in more detail. The normal and scene graph
captions for sub image A are a man is riding a horse in a field and a group of elephants
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are standing in the dirt respectively. The normal model failed to pick up the correct
objects and relationships. The reason for this could be that the model is biased towards
similar images in the dataset where a man is riding a horse. The normal and scene
graph captions generated for sub image B are a black and white photo of a man riding a
horse and a group of people riding on the backs of horses respectively. For both images,
the scene graph model picked up the correct object and relationship but when compar-
ing this caption to the ground truth caption, the model fails to completely describe the
image.

The images presented show different object interactions and good and bad captions.
Overall the scene graph model is able to provide more structure to the captions. It does
this by reasoning about objects, includes predicate information (what are objects doing)
and adds more relationship information. Which all together provides more context and
structure to the captions. For cases where the scene graph model did not align to the
ground truth captions, the model was able to reason and form a relationship around
the available scene graph. This adds to the case that the model takes into consideration
scene graph features when generating captions.

From the above qualitative analysis, the use of scene graphs added more structure
to the generated captions. This is backed up by the quantitative analysis as shown in
Table 4.1 which show that scene graph captions provide an overall better consensus
score.
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Chapter 5

Conclusion

Vanilla image captioning models rely on image regions and object detection to generate
captions. Missing from these models are the structural information that is available in
images that describe objects and the relationship between them. Image features and
the structural relationship between objects have been shown to be important for image
captioning models and boost captioning results.

Scene graphs are good at capturing structural relationships in images. Previous
works have shown that by adding scene graph features into models, image captioning
results improve. When using scene graph features, previous related works used atten-
tion mechanisms to decide when to attend to image or scene graph features. The gaps
identified from the literature were the lack of research in combining of scene graph fea-
tures with image features in a multimodal embedding to generate captions. Researchers
have shown that by combining image features with previously generated sequences of
a caption in a multimodal embedding, image captioning results improve. This research
aimed to investigate if combining image and scene graph features with previous gen-
erated sequences of a caption in a multimodal layer will improve over normal image
captioning results.

To complete this research, various sub methods were identified. These include re-
search and implementation in image feature extraction, scene graph generation and
encoding and caption generation. This was achieved by combining image, text and
scene graph features in a multimodal layer.

Two research questions were identified, the first was, will creating a joint embedding
for image, text and scene graph features improve on image captioning models and
the second question was, will the generated captions be semantically and syntactically
correct. Comparing the results of adding scene graphs features to a base line model
that does omits these features showed an improvement for longer word dependencies
(B-4) and resulted in a higher CIDEr score. Both these metrics point to more similarity
between ground truth captions which are human annotated and the generated captions.
To evaluate if structure was added to captions, qualitative analysis was done. This
analysis showed that scene graphs add extra relationship and structural information to
captions as well as reason about objects and predicates within the image.

In conclusion, adding scene graph features improved on image captioning results
and aid in adding more structure to image captions. For future work, it will be worth
investigating the impact of including more predicate options to the model to see if it
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will further improve results. Scene graphs can further be decomposed into small sub
graphs. It will be worth investigating whether using attention mechanisms to select
sub graphs and combining it with other features in a multimodal layer will boost image
captioning results.
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