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Abstract

Although the exponential growth of visual data in various forms, such as images
and videos, enables unprecedented opportunities for us to interpret the surrounding en-
vironment, natural language is still the main way to convey knowledge and information
among us. Therefore, there is currently an increasing demand for building a framework
to achieve interaction between pieces of information from different modalities.

In this thesis, I investigate three directions to achieve an effective interaction
between multi-modal information. The first direction focuses on building a consistent
representation for information with the similar semantic meaning. More specifically, in
a high-dimensional semantic space, the representations for similar information should
be close to each other within an appropriate range, regardless of their modalities. The
second direction is to achieve an effective correlation between image visual attributes
with corresponding semantic words, which first requires the network to recognize
different semantic information from both the image and text, and then allows it to
interact with them. The third direction is to construct a lightweight architecture
for models having inputs from multiple domains. This is because when a network
involves multi-modal information, the number of trainable parameters might need to
considerably increase, which aims to allow the network to comprehensively learn to
capture the correlations between the information with a domain gap. The requirements
for having significant computing resources might greatly hinder the deployment of a
framework, which is not practical for the implementation in real-world applications.
The contributions in these directions are as follows.

First, to have a consistent representation, both contrastive and clustering learning
are adopted in the generative network, where contrastive learning can maximize
the mutual information between paired instances provided by a given dataset, and
clustering learning can group instances with similar semantic meaning into the same
cluster, and push dissimilar ones far away from each other. By doing this, a structured
joint semantic space can be built, where instances with similar semantic meaning
can be closely grouped together within an appropriate range to ensure a consistent
representation, regardless of their modalities.

Second, to achieve an effective correlation between multi-modal information, three
different approaches are proposed, where they effectively correlate image visual at-
tributes with corresponding semantic text descriptions, allowing the network to learn
to understand semantic meaning of both text and image information, and then achiev-
ing an effective interaction. More specially, for the exploration of correlation, I first



investigate a word-level attention-based connection, helped with a complementary
word-level discriminator, where attention allows the network to learn to identify
specific image visual attributes, aligned with the corresponding semantic words, and
the complementary word-level discriminator provides fine-grained training feedback
to allow the network to correctly capture this correlation. Then, a text-image affine
combination is introduced, which adopts an affine transformation to combine both
text and image features in the generation process, allowing the network to have a
regional selection effect, which selectively fuse text-required image attributes into the
generation pipeline and preserve text-irrelevant contents. Moreover, a semi-parametric
memory-driven approach is proposed, which takes the advantages of both parametric
and non-parametric techniques. The non-parametric component is a memory bank
of stored pre-processed information constructed from the training dataset, and the
parametric component is a neural network. By doing this, the parametric approaches
can enable the benefits of end-to-end training of highly expressive models, and the
non-parametric techniques allow the network to make full use of large datasets of data
at inference time.

Third, two solutions are presented to relieve the cost of computing resources
required by a network having inputs from different modalities, allowing the network to
be easily implemented in various areas. More specifically, we improve the capabilities
of both generator and discriminator in conditional GANs to avoid blindly increasing
the number of trainable parameters of a network, and construct a single-directional
discriminator by combining two training goals (i.e., having better image quality and
text-image semantic alignment) into a single direction (i.e., improving the quality of
fusion features) to reduce redundancies in conditional GANs.

This work paves the way for building a lightweight framework to achieve an effective
interaction between multi-modal information, and also to be easily deployed in various
real-world applications.
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Chapter 1

Introduction

Visual perception is one of the most important ability for human beings to interpret
the surrounding environment. Every day, the amount of visual information consumed
by humans is incredible, as they watch videos, take photographs, enjoy paintings, and
share on social media. For example, almost 5 billion videos are watched on YouTube
every single day; over 95 million photos are uploaded each day on Instagram only.

The availability of such a large amount of visual data has provided researchers
with unprecedented opportunities to build various visual interpreting and synthesis
methods like (1) object/scene classification (He et al., 2016; Simonyan and Zisserman,
2014; Szegedy et al., 2015, 2016; Zhou et al., 2014b), (2) object detection (Girshick
et al., 2014; Long et al., 2015; Ren et al., 2015; Ronneberger et al., 2015; Howard
et al., 2017; Redmon et al., 2016), (3) image captioning (Donahue et al., 2015; Xu
et al., 2015), (4) visual question answering (Andreas et al., 2016; Johnson et al., 2017;
Lu et al., 2016; Nam et al., 2017; Antol et al., 2015; Anderson et al., 2018; Yang et al.,
2016), (5) text-to-image generation (Reed et al., 2016b; Xu et al., 2018; Zhang et al.,
2017a, 2018a), (6) image-to-image translation (Isola et al., 2017; Park et al., 2019;
Wang et al., 2018; Zhu et al., 2017), (7) text-guided image manipulation (Dong et al.,
2017; Li et al., 2020a,c; Nam et al., 2018), (8) story visualization (Li et al., 2019c; Song
et al., 2020; Maharana et al., 2021; Maharana and Bansal, 2021), and so on, which
aim to achieve a cross-domain transformation between multi-modal representations,
e.g., transfer from non-visual data, such as natural language descriptions or scene
graphs, into visual information, such as videos or images, or vice verse, and aim to
achieve an effective interaction between them.

In this thesis, I focus on exploring the principles to achieve an effective interaction
between multi-modal information (e.g., language and visual information), including (1)
how to build consistent representations for this information in a joint semantic space,
(2) how to effectively connect and also fuse the features from different modalities
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Visual 
Interpreting

Two elephants are 
standing next to each 

other on a dirty ground 
next to a tree.

A small red bird with a red breast and a pointy beak.
No, no, no. It is a small red bird with a grey breast and a pointy beak.

I wish this bird to be
A bird with black eye rings and a black bill, with a red crown and red belly.

Visual 
Synthesis

Visual 
Synthesis

Figure 1.1: Two directions of visual intelligence. (1) Visual interpreting (top) produces
natural language descriptions from visual representations; (2) visual synthesis (a)
achieves a visual generation from information of a non-visual modal (e.g., natural
language and ontology representations) (middle), and (b) manipulates given images
using natural language descriptions (bottom).

together, and (3) how to mitigate computing requirements to achieve an effective
interaction. My research can enable numerous potential applications in many areas,
including design, video games, art, architecture, and medical diagnosis, to name a few.

1.1 The Importance of Interaction between Multi-
Modal Information

Indeed, we receive a large amount of visual information all the time via various visual
forms, such as videos, photographs, and paintings, to name a few, but only few of us can
effectively describe this information visually. Such a huge contrast between pale oral
expression and vivid visual perception vastly hinders an effective information transfer
between us. However, exploring the principles to achieve an effective interaction
between multi-modal features can effectively bridge the communication gap between
human and large amount of available visual information, and can remedy numerous
difficulties, for example, considering a simple scenario presented in Fig. 1.1, a user
wants to describe an adorable bird to her friends that she saw yesterday. Indeed, it is
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hard to reproduce a visual image in our mind from the bald description “a small red
bird with a red breast and a pointy beak ”, and it could be even hard when she changes
her description “No, no, no. It is a small red bird with a gray breast and a pointy
beak ”. If the user is an artist, then she can draw the vivid bird efficiently in minutes
so that it is almost same as the one she saw; or the user can use image editing tools
like Photoshop to transfer an image into the desired one. However, the truth is that
most of us are neither artists nor professional tool-users.

Besides, at some professional domains, a given visual information might be hard
to understand and recognize for someone who do not have corresponding professional
knowledge, while converting this sophisticated visual information into readable and
understandable text information can allow laymen to at least roughly understand
the meaning of the given visual information. For example, given a X-ray or CT
report, without professional medical knowledge, it may be hard for us to completely
understand the meaning of it. Moreover, reading a visual information is inefficient
and also easy to miss some tiny details, as it takes much time and effort to observe all
regional details of it, e.g., for a skilled doctor, he or she can only check limited number
of visual reports in a day, and might fail to observe all tiny malignant appearances
shown in the report.

Furthermore, there is no doubt that using multiple multi-modal information can
comprehensively convey knowledge and information between us, as different single-
modal information has its own drawbacks. First, although visual information, such as
images and videos, is concrete, vivid, and attractive, it might not be easy to propagate
physically, and even for the digital version, it might require several kilobytes per image
for storage and bandwidth to transfer. However, for the text, it is concise with specific
semantics and syntax, which means that it can be widely propagated and understood
following some specific fixed rules, but it might not fully convey the information that
a user want to express, as we usually need to imagine some parts of the information
in our mind. So, the ability to integrate information from multiple modalities, such as
text, image, video, and audio, is essential for effective communication and knowledge
propagation. This is particularly important in the age of digital media, where we
are constantly bombarded with information from various sources and in different
formats. Moreover, the ability to transfer knowledge and information from one domain
to another is also crucial for enhancing our understanding of complex concepts and
phenomena. For example, by leveraging insights from multiple domains, such as
biology, chemistry, and physics, we can gain a more comprehensive understanding of
the underlying mechanisms that govern natural phenomena. Therefore, the integration
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of information from multiple modalities and the transfer of knowledge between domains
are key features of advanced AI systems, that enable us to tackle complex problems
and make significant progress in various fields.

Based on above situations, it is better to have a framework that allows us to
achieve an effective interaction between multi-modal information. Based on this
framework, for example, we can easily generate text descriptions or visual images from
the other domain representations (see Fig. 1.1 top and middle), or modify images using
natural language descriptions (see Fig. 1.1 bottom). More specifically, this research,
for instance, can be applied in different real-world applications:

(1) as for text-to-image generation, it allows non-artists to easily generate desired
images by simply providing natural language descriptions (Xu et al., 2018), where
the descriptions contain the requirements for desired appearances of objects and
background that synthetic images should have. Besides, instead of only generating a
single image, it can produce a large amount of diversified images semantically matching
a given text description to meet users’ different preferences.

(2) as for image-to-text translation, it can help blind people to fully perceive the
surrounding environment by effectively converting surrounding visual information into
natural language (Donahue et al., 2015; Xu et al., 2015), and also help doctors to quickly
diagnose diseases, according to converting visual reports into text explanations (Litjens
et al., 2017; Stoyanov et al., 2018; De Bruijne, 2016).

(3) as for image/video editing using natural language descriptions, it can enable a
more general and user-friendly image editing tool by simply using natural language
descriptions. In particular, it allows to semantically edit parts of an image according to
the given text provided by a user, while preserving other contents that are not described
in the text (Li et al., 2020a). Moreover, this research can even achieve automatic video
editing by using text descriptions, for instance, users are able to add/remove/modify
different objects by simply providing a natural language description without going
through all frames and editing them manually (Fried et al., 2019).

Given the above-mentioned usages of interaction between multi-modal information,
there is currently an increasing demand for a framework to achieve it, which has been
the motivation to dedicate my thesis to this topic.

1.2 Research Questions and Contributions

To achieve an effective interaction between multi-modal information, first, it is im-
portant to have a consistent representation for information with the similar semantic
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meaning. This is because information from different domains may have their own
representations, and thus, in a high-dimensional semantic space, the locations of
these features may be far away from each other, even though they express the sim-
ilar semantic meaning. This also happens for information that are from the same
domain (Mikolov et al., 2013), e.g., for two sentences with the same meaning but using
synonym, such as “cat” and “kitty”, the representations for both might not be exactly
same in a semantic space. This situation may be even worse when the dimension
of features increases, caused by the curse of dimensionality (Bellman, 1966): as the
number of features or dimensions grows, the amount of data we need to generalize
accurately grows exponentially. So, one question arises: how to build a consistent
representation for information from the same or different domains with the similar
semantic meaning? This is important, as having a consistent representation means
that information with the similar semantic meaning can have fixed and close locations
in the high-dimensional semantic space, and thus even this information from different
modalities can still be grouped together to enable an easy transformation from one to
the other within an appropriate range in the space, which is aligned with the goal of
this thesis to achieve an effective interaction between multi-modal information.

To consider similarity between instances, we first seek help from contrastive learning,
where contrastive learning is a powerful scheme for self-supervised representation
learning (Oord et al., 2018; He et al., 2020; Chen et al., 2020; Zhang et al., 2021),
which can enforce the consistency of representations under different augmentations
by contrasting positive pairs with negative ones. However, contrastive learning does
not take the samples’ semantic information and semantic similarity into account,
where it simply treats two samples as a positive pair as long as they are at the same
location of training examples that will be propagated through the network (i.e., in
the same batch), and a negative pair when they are in different batches, without
considering their semantic information. By doing this, the learned representation can
be considerably affected. For example, simply adopting contrastive learning can push
instances with the similar semantic meaning but in different batches far away from
each other, and thus may break the semantic consistency between them.

To consider similarity between samples, clustering algorithms (Alwassel et al.,
2020; Asano et al., 2020; Caron et al., 2020; Li et al., 2020d) can remedy the above
problems, where clustering algorithms group similar instances (i.e., instances with the
similar semantic meaning) into the same cluster, and push different instances away into
different clusters. Therefore, contrastive learning and clustering learning complement
each other, where adopting contrastive learning allows us to better explore mutual
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information across modalities, and using clustering learning groups information with
the similar semantic meaning together into the same cluster, which enables a consistent
representation. More details are presented in Chapter 3.

After having a consistent representation for information from the same or different
modalities with the similar semantic meaning, the other question arises: how to achieve
an effective interaction between this information? More specifically, how to effectively
build connections between visual features from an image with corresponding semantic
words from a sentence? This is because a machine needs to understand the semantic
meaning of a given text description and also identify specific image regions, and then
it can generate an image with text-required objects and attributes, or modify specific
image regions to match the given text description.

To achieve an effective interaction between information from different modalities,
three approaches are proposed: (1) word-level attention-based connection, aided by a
complementary word-level discriminator to provide fine-grained training feedback, (2)
a text-image affine combination module, and (3) a memory-driven approach. These
approaches enable the network to effectively correlate image regional visual attributes
with corresponding semantic words. More details are presented in Chapter 4.

After having a framework to enable an effective interaction between multi-modal
information, another question arises: can this framework be easily deployed in most
devices? More specifically, is it possible to develop a framework that does not rely
on expensive computing resources? This is mainly because when a network involves
information from different modalities, the number of trainable parameters might need
to considerably increase, which aims to allow the network to comprehensively learn
to capture the correlations between multi-modal information with a domain gap.
The requirements for having significant computing resources might greatly hinder
the deployment of this framework, which is not practical for the implementation in
real-world applications. To solve this problems, we propose to improve the capability
of both generator and discriminator of GAN-based networks, and also rethink the
architecture of discriminator in conditional GANs, instead of blindly increasing the
feature dimensions of a network by having a large amount of trainable parameters.
More details are presented in Chapter 5.

1.3 Outline

This thesis mainly focuses on solving aforementioned questions step by step: in
Chapter 3, combining both contrastive learning and clustering learning together allows
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to have a consistent representation for information with the similar semantic meaning,
in Chapter 4, three different approaches are proposed to effectively correlate image
visual attributes with corresponding semantic text descriptions, which allows a network
to learn to understand the text and image information, and in Chapter 5, two solutions
relieve the cost of computing resources, allowing our framework be easily implemented
in various areas. Although the contributions of each chapter focuses on a question,
respectively, but we actually can combine all these contributions together to have
a lightweight network, which enables a consistent representation and also allows to
achieve an effective interaction between pieces of information from different modalities.

To put into perspective the scope of these contributions, before diving into the
details of this thesis, in Chapter 2, I provide the basic background knowledge on
interaction between multi-modal information for deep neural networks, especially
focusing on generative models.

At the end of each chapter, I present the conclusions that the findings in the
chapter lead to. Finally, in Chapter 6, I provide general conclusions and perspectives
on interaction between multi-modal information for deep neural networks, and also
future directions that we are going to explore.
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Chapter 2

Background on Multi-Modal
Generative Methods

This thesis assumes that readers have basic knowledge of machine learning, especially
deep neural networks. So, in this chapter, I provide the necessary background of
multi-modal generative methods, including different network architecture, relevant
components and techniques, and also the tasks that I used to evaluate the performance
of the proposed approaches. Besides, I introduce the datasets and different evaluation
metrics that are adopted in the experiments.

2.1 Types of Generative Model Architecture

We use deep generative models (Goodfellow et al., 2014; Mirza and Osindero, 2014;
Kingma and Welling, 2013; Vincent et al., 2010) to evaluate the performance of
our proposed approaches on achieving an effective interaction between multi-modal
information. This is because deep generative models can transfer information from
one domain to another, and according to the quality of output results, we can directly
observe whether the proposed approaches can understand the semantic meaning of
multi-modal information and whether they can effectively interact with each other,
and thus evaluate the effectiveness of them.

2.1.1 Autoencoder

The general idea of autoencoder consists in setting an encoder and a decoder as
neural networks, and learns the best encoding-decoding scheme using an iterative
optimization process. So, at each iteration, we feed the autoencoder architecture (the
encoder followed by the decoder) with some data, we compare the encoded-decoded
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output with the initial data, and back propagate the error through the architecture to
update the weights of the networks.

Therefore, intuitively, the overall autoencoder architecture (encoder + decoder)
creates a bottleneck for the data, ensuring that only important information can pass
through and be reconstructed. In the general framework shown in Fig. 2.1, the family
e of considered encoders is defined by the encoder network, the family d of considered
decoders is defined by the decoder network, and the search for encoders and decoders
that minimize the reconstruction error is performed by gradient descent over the
parameters of these networks.

Figure 2.1: Architecture of the autoencoder.

The corresponding loss function is defined below, which aims to minimize the
difference between given data x and the reconstructed data x̂.

Loss = ∥x− x̂∥2 = ∥x− d(z))∥2 = ∥x− d(e(x))∥2 . (2.1)

2.1.2 Variational Autoencoder

To use the decoder of the autoencoder for generative purposes, it is crucial to ensure
that the latent space is regular enough. A regular latent space ensures that the decoder
can generate coherent and meaningful output from any point in the latent space. In
other words, the decoder should be able to properly reconstruct the input data from
all points in the latent space. Ensuring the regularity of the latent space is important
to leverage the decoder for generative tasks, such as generating new data points that
are similar to the input data.

One approach to achieve regularity in the latent space is to introduce an explicit
regularization term during the training process. This is accomplished through the use
of a variational autoencoder (VAE)(Kingma and Welling, 2013). The training of a
VAE is regularized to prevent overfitting and ensure desirable properties in the latent
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space, such as continuity, completeness, and smoothness. These properties enable
smooth interpolation between data points, allow for the generation of any valid data
point, and produce realistic data samples that exhibit smooth variations across the
latent space, as illustrated in Fig. 2.2. The introduction of the regularization term in
the VAE framework promotes the learning of a well-behaved latent space, which is
beneficial for generative tasks.

Similar to a standard autoencoder, a variational autoencoder consists of an encoder
and a decoder. It is trained to minimize the reconstruction error between the encoded-
decoded data and the original data. However, in contrast to a standard autoencoder,
a variational autoencoder introduces a regularization term in the latent space. This
is achieved through a modification of the encoding-decoding process: rather than
encoding an input as a single point, it is encoded as a distribution over the latent
space. This modification allows for the modeling of the latent space distribution,
enabling the generation of new data points by sampling from the learned distribution.

In practice, it is common to choose Gaussian normal distributions as the encoded
distributions in VAEs. This choice allows the encoder to be trained to output
the mean and covariance matrix of the Gaussian distribution, which facilitates the
regularization of the latent space. By modeling the encoded distributions as Gaussian,
the VAE framework can naturally incorporate the KL divergence regularization term
and optimize the encoder to produce latent representations that follow a Gaussian
distribution. This helps in achieving a more structured and regular latent space.

Based on this, the loss function minimized during the training of a VAE consists
of two components: a reconstruction term, which measures the fidelity of the recon-
structed output to the original input, and a regularization term, which encourages
the latent space to exhibit desirable properties. The regularization term is typically
expressed as the Kullback-Leibler (KL) divergence between the distribution returned
by the encoder and a standard Gaussian distribution. It is worth noting that the
KL divergence between two Gaussian distributions has a closed form expression that
can be computed directly using the means and covariance matrices of the two dis-
tributions (Kingma and Welling, 2013). By incorporating this regularization term
into the loss function, the VAE training process encourages the latent space to have a
well-organized and smooth structure.

The corresponding loss function is defined below, which is used for both the encoder
and the decoder to minimize the difference between given data x and the reconstructed
data x̂, including the KL divergence between the returned distribution Nµx,σx and a

10



Figure 2.2: Architecture of the variational autoencoder.

standard Gaussian N(0, 1).

Loss = ∥x− x̂∥2 + KL [Nµx,σx , N(0, 1)] = ∥x− d(z))∥2 + KL [Nµx,σx , N(0, 1)] . (2.2)

2.1.3 Generative Adversarial Networks

Generative adversarial networks (Goodfellow et al., 2014) consist of two models that
are alternatively trained to compete in a two-player min-max game: the generator G is
optimized to fool the discriminator D by reproducing the true data distribution pdata,
and the discriminator D is optimized to distinguish real images from synthetic images
generated by G. Concretely, this training procedure can be modeled by a min-max
game over the value function V (D,G):

min
G

max
D

V (D,G) = Ex∼pdata [logD(x)] + Ez∼pz [log(1−D(G(z)))], (2.3)

where x is a real image sampled from the real data distribution pdata, and z is a noise
vector drawn from a distribution pz (e.g., Gaussian or uniform distribution).

Goodfellow et al. (2014) proved in their paper that this min-max game could reach
a global optimum if and only if pg = pdata, where pg is a probability distribution,
implicitly defined from the generator G as the distribution of the samples G(z) obtained
when z ∼ pz. In practice, G is extremely poor at the beginning of training, and then
D could reject samples with high confidence as these samples are clearly different from
the training data. Therefore, they suggested that it would be better for the generator
to maximize log(D(G(z))) rather than minimizing log(1−D(G(z))).

2.1.4 Conditional Generative Adversarial Networks

Conditional GANs (Gauthier, 2015; Mirza and Osindero, 2014) is an extension of
GANs, where both the generator and discriminator are provided with the additional
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conditioning variable c, yielding G(z, c) and D(x, c). The c could be any kind of extra
information, such as class labels or data from other modalities. This reformulates that
images generated from G must not only look realistic, but also match its auxiliary
information c.

In the generator, the auxiliary information c and the prior input noise p(z) are
combined together as a joint hidden representation. While, in the discriminator, the
real sample x and c are concatenated together as inputs to a discriminative function.
The objective of this two-player mini-max game would be:

min
G

max
D

V (D,G) = Ex∼pdata [logD(x, c)] + Ez∼pz [log(1−D(G(z, c)))]. (2.4)

2.1.5 Multi-Stage Architecture

In a multi-stage architecture in GANs, the generator and discriminator are trained
in a progressive manner, where they start with low resolution images and gradually
increase the resolution until they reach the desired output size (Zhang et al., 2017a).
This approach allows the network to learn the basic features of the image at a low
resolution and then refine those features at higher resolutions, resulting in a more
detailed and realistic final image.

The multi-stage architecture typically consists of several stages, where each stage
corresponds to a specific resolution of the output image. At each stage, the generator
and discriminator are trained separately on a dataset of images with the corresponding
resolution. Once a stage is trained, the generator produces images of that resolution,
which are used as input for the next stage.

The advantage of this approach is that it allows the network to learn more complex
and realistic features at higher resolutions, while still maintaining the basic features
learned at lower resolutions. This results in images that are not only more detailed
but also more coherent and realistic.

2.2 Attention

An attention model in a neural network is a mechanism that allows the network to
focus its processing resources on a subset of the input data at each time step, while
suppressing other regions that are deemed less important. The attention can be used
temporally in natural language processing, where the model attends to different parts
of the input sequence at different time steps, or spatially in computer vision tasks,
where the model attends to different parts of the input image or video frame.
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The attention mechanism has been widely used in various research fields, including
image captioning (Xu et al., 2015; Zhang et al., 2017b; Anderson et al., 2018; Salvador
et al., 2016; Xu et al., 2015), machine translation (Bahdanau et al., 2014; Vaswani
et al., 2017; Luong et al., 2015; Bahdanau et al., 2014; Wu et al., 2016), object
detection (Oliva et al., 2003; Zhang et al., 2018b; Bello et al., 2019; Carion et al.,
2020), visual question answering (Yang et al., 2016; Xu and Saenko, 2016; Nam et al.,
2017; Anderson et al., 2018), and more. In image captioning, for example, the attention
mechanism can be used to selectively attend to different regions of an image to generate
a descriptive caption. Similarly, in machine translation, the attention mechanism can
be used to focus on different parts of the input sentence when generating each word of
the output translation.

The key advantage of the attention mechanism is its ability to capture task-relevant
information and reduce the interference from less important information. By attending
only to the relevant parts of the input, the model can effectively filter out noise and
distractions, resulting in more accurate and efficient processing. Besides, the attention
mechanism provides a way for the model to visualize and explain its decision-making
process, which can be useful in applications where interpretability is important.

2.3 Contrastive Learning in GANs and Clustering
Learning

Contrastive learning is a powerful technique for self-supervised representation learn-
ing (Oord et al., 2018; He et al., 2020; Chen et al., 2020; Zhang et al., 2021; Lee
et al., 2021; Deng et al., 2020), which aims to learn representations that maximize the
similarity between positive pairs of samples while minimizing the similarity between
negative pairs. In other words, the objective of contrastive learning is to bring the
representations of the same data point closer together in the latent space, while pushing
apart the representations of different data points. This is achieved by mapping each
data point to a low-dimensional latent space, where the distance between positive
pairs (e.g., two different augmentations of the same image) is minimized, while the
distance between negative pairs (e.g., two images from different classes) is maximized.

By training a model to discriminate between positive and negative pairs in this
way, the resulting representations are expected to capture meaningful features that are
invariant to variations in the input data, such as different viewpoints or lighting condi-
tions. Contrastive learning has been shown to be effective in a variety of applications,
including image and speech recognition, language modeling, and reinforcement learning.
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XMC-GAN (Zhang et al., 2021) used intra-modality and inter-modality contrastive
learning in text-to-image synthesis. ContraGAN (Kang and Park, 2020) adopted
contrastive learning in class-conditional image generation. DiscoFaceGAN (Deng
et al., 2020) incorporated contrastive learning in face generation to enable a better
disentanglement. CUT (Park et al., 2020) used positive pairs from the same image
patches in both input and output images for image-to-image translation.

Differently, we further extend contrastive learning with clustering learning in
conditional GANs to consider samples’ semantic information and similarity between
different samples. Clustering learning can discriminate between groups of similar
instances during training, which is to group together similar samples based on some
similarity metric or distance measure, while separating dissimilar samples into different
clusters. In other words, the goal of clustering learning is to partition a set of unlabeled
data points into distinct groups, where each group represents a subset of points that
share similar characteristics or belong to the same underlying class or cluster. This
is typically done by defining a similarity or dissimilarity metric between data points,
and using this metric to iteratively group similar points together into clusters.

Clustering learning is commonly used in unsupervised machine learning, where the
goal is to find structure or patterns in data without any prior knowledge of the under-
lying labels or categories. It has been applied in a variety of domains, including image
and text analysis, social network analysis, and customer segmentation. Caron et al.
(2018) and Yan et al. (2020) kept the clustering step independent of the representation
learning phrase, while Asano et al. (2020, 2019), and Van Gansbeke et al. (2020)
jointly learned visual representations and cluster assignments. As for implementing
clustering in multi-modal tasks, XDC (Alwassel et al., 2020), SeLaVi (Asano et al.,
2020), and MCN (Chen et al., 2021) focused on pre-trained feature extractors for
audio and video, and aimed to produce effective multi-modal representations used for
different downstream tasks.

2.4 Memory Bank

The memory bank is a storage that stores pre-processed information, such as image
features and semantic data, which can be utilized by a neural network to gain specific
advantages, such as faster computation, improved performance, and better generaliza-
tion. By accessing pre-computed information, the network can save computation time,
access additional data, and learn from a more diverse set of examples.
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Researchers have applied the memory bank to various tasks, such as image gen-
eration, appearance determination, image patch retrieval, and conditional image
extrapolation. For instance, Qi et al. (2018) proposed a memory-driven approach to
image synthesis from text, using a memory bank to store pre-processed information
such as image features and additional semantic data. TTseng et al. (2020) introduced
RetrieveGAN, a memory-driven approach that utilizes a memory bank of pre-computed
image patches for differentiable retrieval during image synthesis. Furthermore, Li
et al. (2021) proposed a segmented StyleGAN that leverages a memory bank of stored
image crops to synthesize new images guided by structured text inputs, achieving
controllable image synthesis. Additionally, Liang et al. (2020) proposed CPGAN, a
memory-driven approach that utilizes a memory structure to parse textual content
and generate images while preserving their content.

By integrating the memory bank, a memory-driven approach can be constructed
that combines the advantages of both parametric and non-parametric techniques.
The non-parametric aspect is a memory bank of pre-processed information generated
from the training data, while the parametric component is a neural network. This
approach can enable the end-to-end training of powerful models while also allowing
the network to use vast datasets of information during inference, leading to faster and
more accurate predictions.

2.5 Types of Tasks

To comprehensively evaluate the performance of our proposed approaches, we mainly
focused on three tasks, including text-to-image generation, story visualization, and
text-guided image manipulation, where each task is able to evaluate the performance
of proposed approaches on specific questions described in Section 1.2

2.5.1 Text-to-Image Generation

Text-to-image generation is a task in artificial intelligence and computer vision that
involves generating realistic images from textual descriptions. This task requires a
machine learning model to learn the mapping between natural language descriptions
and corresponding visual content. It involves understanding the semantics of the
language and synthesizing an image that accurately represents the described scene.
Text-to-image generation has applications in various domains such as virtual reality,
gaming, and e-commerce, where automatic generation of high-quality and diverse
images is desired.
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Deep learning techniques such as pixelCNN (Van den Oord et al., 2016; Gregor
et al., 2015), variational autoencoders (VAEs) (Kingma and Welling, 2013), and
generative adversarial networks (GANs) (Goodfellow et al., 2014) have been widely
used in text-to-image generation. The field has witnessed significant progress in recent
years with the introduction of various methods. For instance, AlignDRAW (Mansimov
et al., 2015) utilized an attention mechanism to draw image patches in multiple stages
based on caption words. Approximate Langevin methods were proposed by Nguyen
et al. (2017) for synthesizing images from text. GAN-INT-CLS (Reed et al., 2016b)
was the first GAN-based method developed for this task. StackGAN (Zhang et al.,
2017a) introduced a stacked architecture to generate realistic images in a coarse-to-fine
manner. AttnGAN (Xu et al., 2018) and ControlGAN proposed in Section 4.1 employed
word-level attention to capture text-image relationships. DMGAN (Zhu et al., 2019)
utilized a memory module to refine image contents. MirrorGAN (Qiao et al., 2019a)
proposed a text-image-text feedback loop to improve text-image alignment. ObjGAN
(Li et al., 2019b) and OPGAN (Hinz et al., 2019) leveraged additional object-level
annotations such as bounding boxes or masks. Johnson et al. (2018) and Ashual and
Wolf (2019) incorporated scene graphs to provide logical relations between objects.
XMC-GAN (Zhang et al., 2021) introduced a contrastive learning-based text-to-image
generation method. DF-GAN (Tao et al., 2020) proposed a deep fusion module to
combine text and image features. DALL-E (Ramesh et al., 2021) achieved zero-shot
text-to-image generation based on an autoregressive transformer. GLIDE (Nichol
et al., 2021) utilized a diffusion model for text-to-image generation and text-guided
image editing. These methods have contributed to the advancements in text-to-image
generation, each with its unique approach and capabilities.

State-of-the-art methods. Several recent studies have proposed state-of-the-art
approaches for high-resolution image synthesis and text-to-image synthesis. Rombach
et al. (2022) presented a novel method that utilizes latent diffusion models to generate
high-resolution images progressively through a series of noise-perturbed steps. Gu
et al. (2022) introduced a technique that combines a diffusion process with vector
quantization to produce high-quality images from textual descriptions. Sauer et al.
(2023) proposed a new architecture that integrates GANs with a text encoder, enabling
efficient and large-scale text-to-image synthesis with high-quality results. These
methods represent the current state-of-the-art in their respective domains.

Conclusion. Text-to-image generation is a task that involves generating realistic
images from textual descriptions while maintaining semantic alignment. This task
serves as a suitable evaluation for the network’s ability to understand the semantic
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meaning of a given text, as it requires the synthetic output image to accurately
represent the desired visual attributes and objects described in the text.

2.5.2 Story Visualization

Story visualization aims to generate a series of images from a given multi-sentence
story, and different output images within a story should be consistent with each other.
StoryGAN (Li et al., 2019c) first introduced this task and proposed a sequential
conditional generative adversarial network. Built on top of StoryGAN, CP-CSV (Song
et al., 2020) added another segmentation mask pipeline to keep character consistency,
and DUCO (Maharana et al., 2021) and VLC (Maharana and Bansal, 2021) utilized
video captioning networks to improve text-image alignment. As all these methods have
a similar architecture, which contains two sets of generative adversarial networks, one
for image quality, and one for story consistency, and thus computational requirements
to hold and train their networks are large.

State-of-the-art methods. Maharana et al. (2022) proposed a new model called
StoryDALL-E that uses a DALL-E-like transformer-based architecture to generate
images that depict a given story, and achieved state-of-the-art performance on the
TextCaps benchmark dataset. Rahman et al. (2022) proposed a model that generates
consistent and diverse story visualizations by conditioning on a visual memory, which
can be an image or a set of images, and incorporating memory-based attention and
a multi-level story structure. Pan et al. (2022) proposed an auto-regressive latent
diffusion model for synthesizing coherent and diverse stories from text prompts,
which can capture long-range dependencies and generate high-quality samples, and
outperforms previous state-of-the-art methods on various evaluation metrics.

Overall, each method contributes unique approaches to generating coherent and
diverse story visualizations, but the auto-regressive latent diffusion model currently
performs the best due to its ability to capture long-range dependencies and generate
high-quality samples.

Conclusion. The task of story visualization involves generating a series of synthetic
images that are semantically aligned with a given series of sentences. Unlike text-to-
image generation, where a single image is generated from a single textual description,
story visualization requires generating multiple images that maintain global consistency
throughout the story. This task is more challenging and computationally intensive
compared to text-to-image generation since it involves generating multiple images.

Story visualization serves as an appropriate task for evaluating the quality of
representations for both text and image information. The ability to produce coherent
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and consistent visualizations that align with the textual content demonstrates the
quality of the learned representations. If the representations are not consistent for
both modalities, the output results of story visualization may be significantly affected.

Additionally, story visualization can be used to evaluate the feasibility of building
lightweight networks with a small number of trainable parameters while still achieving
competitive performance compared to larger networks. The task provides a suitable
benchmark to assess whether a compact network can effectively capture the complex
relationships between text and image modalities.

In summary, story visualization is a challenging task that requires generating a
series of semantically aligned images from a series of sentences. It serves as a valuable
evaluation metric for assessing the quality of representations and the performance of
networks in capturing the interplay between text and image information.

2.5.3 Text-Guided Image Manipulation

Text-guided image manipulation aims to modify a real image while keeping text-
irrelevant contents unchanged, using a given natural language description. At the
time of writing this paper, only a few studies have worked on this task. Brock
et al. (2016) introduced a hybridization model using VAE (Kingma et al., 2014) and
GANs (Goodfellow et al., 2014), which allowed to achieve an accurate reconstruction
without loss of feature quality. Zhu et al. (2016) proposed to change the color and
shape of an object by manipulating latent vectors. Dong et al. (2017) proposed a
GAN-based encoder-decoder architecture to disentangle the semantics of both input
images and text descriptions. Nam et al. (2018) built a model that focused on the
multi-modal learning on both text descriptions and input images, and also proposed
a text-adaptive discriminator to explore word-level text-image matching scores, to
provide the generator with fine-grained training signals.

State-of-the-art methods. Recently, there have been significant advancements
in diffusion-model-based text-guided image manipulation, which can generate realistic
modified images using text. Kim and Ye (2021) proposed a text-guided image manipu-
lation method based on diffusion models that incorporates perceptual metrics to better
preserve the content and style of the input image. The proposed method outperforms
existing methods on several benchmark datasets. Couairon et al. (2022) proposed
Diffedit, a diffusion-based method that uses mask guidance to enable semantic image
editing. Kawar et al. (2022) utilized a novel hierarchical diffusion process and leveraged
the power of pre-trained GAN models, achieving semantic and structural consistency
by incorporating a mask-guided attention mechanism and a semantic loss.
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Different classes of methods have been proposed for text-guided image manipulation,
with some focusing on accurate reconstruction and manipulation of input images,
while others aim to disentangle the semantics of input images and text descriptions.
Recent works on diffusion-model-based text-guided image manipulation have shown
significant advancements in generating realistic modified images using text. These
methods leverage diffusion models and mask guidance, as well as perceptual metrics
and pre-trained GAN models, to achieve semantic and structural consistency. Overall,
diffusion-model-based methods seem to perform better due to their ability to preserve
image content and style while allowing for semantic manipulation.

Conclusion. As text-guided image manipulation involves both image and text
inputs, it is a suitable task for evaluating the network’s ability to effectively correlate
and fuse information from different domains. If the network fails to do so, the modified
image may lack the desired image attributes specified in the text, and irrelevant image
contents may also be modified unnecessarily.

2.6 Types of Datasets

In this section, we show the details of different datasets that are used to evaluate the
effectiveness of our proposed approaches.

2.6.1 CUB Bird

CUB (Caltech-UCSD Birds-200-2011) (Wah et al., 2011) is a publicly available dataset
of bird images intended for fine-grained visual categorization tasks. It includes 11,788
annotated images of birds, belonging to 200, mostly North American, bird species.
Each image is annotated with a rough segmentation, a bounding box, and binary
attribute annotations, where binary attribute annotations refer to a set of binary labels
assigned to each image that indicate the presence or absence of certain attributes in
the image. For example, an image may have binary attribute labels indicating whether
the bird in the image has a “black crown,” “white belly,” “long tail,” “pointed wings,”
etc. In the dataset, it contains 8,855 training images and 2,933 test images, and each
image has 10 corresponding text descriptions.

2.6.2 MS COCO

MS COCO (Microsoft Common Objects in Context) (Lin et al., 2014) is a large-scale
object detection, segmentation, and captioning dataset, which contains annotations
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1. Pororo blames Crong for ruining the painting Loopy has drawn.

2. Crong understands what Pororo means to say.

3. Loopy and Petty bring cookies and come closer.

4. Petty try to give cookies to them.

5. Pororo stops Petty and Loopy and does not let them see the ruined painting.

Pororo-SV

1. brown, small, rubber, sphere, -2.34, -1.52.

2. green, small, rubber, cylinder, 2.52, 1.27.

3. red, small, rubber, sphere, 1.81, -0.68.

4. green, small, rubber, cylinder, -2.38, 0.94.

CLEVR-SV

1. The kids are near an apple tree.

2. Jenny is waving.

3. Jenny is waving to Mike.

4. Mike kicks a football to Jenny.

5. The sun is bright in the playground.

Abstract Scenes

Figure 2.3: Illustration of Pororo-SV, CLEVR-SV, and Abstract Scenes.

that you can use to train machine learning models to recognize, label, and describe
objects. It contains 82,783 training images and 40,504 validation images, and each
image has 5 corresponding text descriptions.

2.6.3 Pororo-SV

Pororo-SV is a modified version of the PororoQA dataset, which was originally created
for video question answering tasks (Kim et al., 2017). For Pororo-SV, a single image
frame was selected from a video clip, and a story was formed by combining five
consecutive images with their corresponding text descriptions. In total, 15,336 story-
description pairs were generated, with 13,000 pairs used for training and 2,336 pairs
reserved for the test set.

2.6.4 Abstract Scenes

Abstract Scenes (Zitnick and Parikh, 2013; Zitnick et al., 2013) was proposed for
studying semantic information, which contains over 1, 000 sets of 10 semantically
similar scenes of children playing outside. The scenes are composed with 58 clip-art
objects, and there are six sentences describing different aspects of a scene.

2.6.5 CLEVR-SV

CLEVR dataset (Johnson et al., 2017) was initially introduced for the task of visual
question answering. CLEVR-SV dataset is a variation of CLEVR dataset, where
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image sequences were generated by adding objects one by one, starting from randomly
assigned layouts. The dataset comprises 10,000 image sequences for the training set
and 3,000 for the test set.

2.7 Evaluation Metrics

In this section, we give details about different evaluation metrics used in the thesis to
quantitatively evaluate the effectiveness of different proposed approaches.

2.7.1 Inception Score

Inception score (IS) (Salimans et al., 2016) is a metric used to evaluate the quality of
generated images produced by generative models, particularly generative adversarial
networks (GANs). It measures the diversity and quality of the generated images by
examining how well the generated images match the distribution of images in the
training set. The IS is calculated by feeding the generated images to a pre-trained
Inception network, which is a convolutional neural network (CNN) used for image
classification. The output of the Inception network is then used to calculate the entropy
of the predicted label distribution for each generated image. The IS is computed by
taking the exponential of the mean of the Kullback-Leibler (KL) divergence between
the marginal label distribution of the generated images and the same distribution for
the training set. A higher IS value indicates that the generated images are diverse
and of high quality, and are similar to the training set.

However, IS has some drawbacks: (1) Hinz et al. (2019) showed that IS is less
consistent with human evaluation; (2) IS has a limitation in that it does not assess the
similarity between objects of the same class, which can result in a network achieving
a high IS despite exhibiting an intra-class mode dropping behavior; and (3) Li et al.
(2019b) showed that IS can easily overfit within the context of text-to-image generation
and can be exaggerated by simply increasing the batch size at the end of training.

Implementation. The Inception score is a metric commonly used in text-to-image
generation and text-guided image manipulation tasks to evaluate the diversity and
quality of the generated images produced by generative models.

2.7.2 Fréchet Inception Distance

Fréchet Inception Distance (FID) (Heusel et al., 2017) is a metric for evaluating
the similarity between two sets of images. It was proposed as an improvement over
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the Inception score, which only measures the quality and diversity of generated
images but does not take into account their similarity to real images. FID uses the
activations of a pre-trained Inception model to calculate the distance between the
feature representations of the real and generated image sets. The lower the FID score,
the closer the generated images are to the real ones in terms of their visual appearance
and structure. FID has been widely used as a reliable metric for evaluating the quality
of generative models, particularly in the context of generative adversarial networks.

Implementation. The Fréchet Inception Distance is utilized in text-to-image
generation, text-guided image manipulation, and story visualization to evaluate the
quality of generative models.

2.7.3 Fréchet Story Distance

Fréchet story distance (FSD) was proposed for story visualization by Song et al. (2020).
It is based on the principle of Fréchet Inception Distance (FID) and utilizes the R(2+1)
backbone model proposed by Tran et al. (2018). FSD evaluates the similarity between
two sequences of images and incorporates the temporal consistency by leveraging the
spatial and temporal convolutions of the R(2+1) architecture. The R(2+1) architecture
is a convolutional neural network design that combines both spatial and temporal
convolutions to effectively capture appearance and motion information in videos.

Implementation. The Fréchet story distance is used in story visualization to
evaluate the image quality of a sequence of consistent images.

2.7.4 R-Precision

To measure the semantic alignment between the synthetic image and the corresponding
given text description, R-precision (Xu et al., 2018) is adopted in the thesis. R-precision
is calculated by retrieving relevant text descriptions given an image query. To measure
the relevance between the text and the image, cosine similarity between text and
image features is adopted. Thus, we compute a global image vector and 100 candidate
sentence vectors, where the 100 candidate sentence vectors contain R number of ground-
truth text descriptions that correctly describe the image, and 100−R randomly chosen
mismatched descriptions. For each image query, if n results in the top R ranked
retrieval text descriptions are relevant, then the R-precision is n/R. In the paper, we
measure the top-1 R-precision (i.e., R = 1).

Implementation. R-precision is used in text-to-image generation to evaluate the
semantic alignment between the synthetic image and the given sentence.
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Chapter 3

Consistent Representations for
Multi-Modal Information

In this chapter, I mainly focus on building consistent representations for information
from different modalities with similar semantic meaning, e.g., text and image, which
allows the generative module to effectively correlate image visual attributes with
corresponding semantic words from a given sentence, and then achieves an effective
interaction between them. To achieve this, we propose to utilize both contrastive
learning and clustering learning, and adopt story visualization task to evaluate our
proposed approaches. In the following, we first show the background of story visualiza-
tion, and then introduce our proposed contrastive- and clustering-based approach to
build consistent representations for multi-modal information with the similar semantic
meaning.

3.1 Background of Story Visualization

There has been a great progress in text-to-image generation (Zhang et al., 2018a; Xu
et al., 2018; Qiao et al., 2019b; Hinz et al., 2019; Zhu et al., 2019; Li et al., 2022b), due to
realistic image generation using generative adversarial networks (GANs) (Goodfellow
et al., 2014). The task of story visualization (Li et al., 2019c; Song et al., 2020;
Maharana et al., 2021) is a more challenging variation of it, as we need to generate
a sequence of story images given a multi-sentence story, and further require output
images to be consistent, e.g., having a similar background or objects’ appearances in
all images within the same story.

As story visualization requires synthetic story images to be realistic and also
consistent, current methods (Li et al., 2019c; Song et al., 2020; Maharana et al., 2021;
Maharana and Bansal, 2021) implement two GANs, one for image quality, and one for
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story consistency. Also, to ensure the quality of results, Song et al. (2020) required
segmentation masks, and Maharana et al. (2021) and Maharana and Bansal (2021)
adopted additional auxiliary captioning networks. However, all these works do not
consider the semantic similarity between instances (i.e., training samples), including
paired instances provided by the dataset, e.g., text-image pairs, and unpaired ones
but having the similar semantic meaning. So, these methods may fail to make full use
of mutual information between paired instances and also unpaired ones but having
the similar semantic meaning, which may push similar instances far away from each
other, and thus cause distance between them in the joint space. For example, in a
dataset containing text-image pairs of different animals, a method that only considers
the visual similarity between images and text may fail to recognize that two different
images of cats or two different descriptions of cats are semantically similar. This could
lead to pushing apart instances of similar animals in the joint space, and ultimately
to a decrease in the overall performance of the model.

Based on this, we propose to adopt both contrastive and clustering learning in the
generative network, where contrastive learning can maximize the mutual information
between paired instances provided by the given dataset, and clustering learning
can group instances with similar semantic meaning into the same cluster, and push
dissimilar ones far away from each other. By doing this, a structured joint space
can be built, where instances with similar semantic meaning can be closely grouped
together to ensure a consistent representation, regardless of their modalities.

3.2 Contrastive- and Clustering-Based Approach for
the Consistent Representation Construction

In this section, we give more details about our proposed contrastive- and clustering-
based approach in the consistent representation construction.

3.2.1 Model Overview

The complete architecture is shown in Fig. 3.1. Differently from current methods (Li
et al., 2019c; Song et al., 2020; Maharana et al., 2021; Maharana and Bansal, 2021),
which have two generators and two discriminators, with the help of segmentation
masks (Song et al., 2020) or auxiliary captioning networks (Maharana et al., 2021;
Maharana and Bansal, 2021), the network of our approach is made up with a generator
and a discriminator. The generator takes text embeddings encoded by a text encoder
from a given multi-sentence story, and a noise vector sampled from a Gaussian
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Figure 3.1: Illustration of the proposed framework.

distribution as inputs. First, the noise vector and text embeddings are fed into a
fully connected network with a reshape operation to produce initial story image
features at 4× 4. Then, we apply a series of upsampling blocks to upsample image
features into the desired resolution, generating all story images at the same time. The
discriminator consists of a series of downsampling blocks, and evaluates the quality of
given fusion features, providing training feedback to the generator. Meanwhile, our
discriminator also implements contrastive learning to maximize mutual information
between language and visual information, and adopts clustering learning to capture
semantic similarity between instances.

3.2.2 Contrastive Learning for Story Visualization

Contrastive learning is a powerful scheme for self-supervised representation learn-
ing (Oord et al., 2018; He et al., 2020; Chen et al., 2020; Zhang et al., 2021). It
enforces the consistency of image representations under different augmentations by
contrasting positive pairs with negative ones.

Here, we consider four types of correspondences: (1) between story sentences and
story images, (2) between single sentences and single images, (3) between words and
image regions, and (4) between words and story image regions. The goal in each
case is to maximize the mutual information between the corresponding pairs. We use
global representations to capture the semantics of the text and images. Specifically, a
sentence is represented by a global vector that combines the word embeddings within
the sentence, while an image is represented by a global vector. Similarly, a story
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sentence is represented by a global vector that combines the sentence vectors within
the story, and a story image is represented by a global vector that combines the image
vectors within the story. By maximizing the mutual information, we aim to establish
meaningful and informative correspondences between the different elements of the
text and image data.

For simplicity, in the following, V represents the visual input (i.e., story image,
image, or image regions), v represents corresponding visual features, extracted by
an image encoder, S represents the language input (i.e., story sentence, sentence, or
words), and s represents corresponding text features, encoded by a text encoder. In
this task, the image encoder takes an image as input to extract image regional features
and a global image feature, and then we average a series of global image features
within the same story as a story image feature. The text encoder takes multiple
sentences from a story as input to encode a global story sentence vector, sentence
vectors, and word embeddings.

In our work, we propose to use a masked margin softmax function (MMS) (Ilharco
et al., 2019; Chen et al., 2021) to define the similarity between representations from
visual and language information, with respect to their learned embeddings’ dot product
within a batch N . This is different from XMC-GAN (Zhang et al., 2021), which adopts
the normalized temperature-scaled cross entropy loss (NT-Xent) (Chen et al., 2020).
Using MMS instead of NT-Xent is because NT-Xent may miss opportunities to learn
against a wider set of negative examples, namely, all those in the batch that are not
known to be positively associated, while MMS can exploit these additional negatives.

Given a set of pairs of associated story image and story sentence, we first construct
parameterized mappings that derive embedding representations from extracted visual
and language features. We use the transform f : v → RD to convert given visual
features into a joint space RD, and the transform g : s→ RD to map given language
features into the same space. Thus, for a pair of information (e.g., single sentence and
single image), the loss Lcont is:

− 1

N

N∑
i=1

[(
log

exp(f(vi) · g(si)− δ)

exp(f(vi) · g(si)− δ) +
∑N

j=1,j ̸=i exp(f(vj) · g(si))

)

+

(
log

exp(f(vi) · g(si)− δ)

exp(f(vi) · g(si)− δ) +
∑N

k=1,k ̸=i exp(f(vi) · g(sk))

)]
,

(3.1)

where N is the number of training samples, and δ is a hyperparameter. Eq. 3.1 consists
of two fractions: the numerator, which aims to maximize the similarity between paired
vectors vi and si, and the denominator, which aims to minimize the similarity between
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a set of negative examples. By projecting all features to the same space and maximizing
their pairwise similarities, we ensure that the mutual information is maximized between
corresponding pairs. This helps in generating output results that are both realistic and
consistent, as the learned representations capture meaningful relationships between
the text and image data.

3.2.3 Clustering Learning for Story Visualization

However, contrastive learning does not take into account the semantic information
and similarity of unpaired samples. It simply treats two samples as a positive pair as
long as they are in the same location of the training samples (i.e., in the same batch),
and a negative pair when they are in different locations (i.e., in a different batch),
without considering their semantic information. This can considerably affect the
learned representation. For example, instances within the same story have the similar
semantic information, while simply adopting contrastive learning can push these
instances far away from each other, and thus break the semantic consistency between
them. Let us consider two sentences from the same story: Sentence 1: “John went
to the store to buy some groceries.” and Sentence 2: “He picked out a carton of eggs
and a loaf of bread.” These sentences share a common context and are semantically
related, as they both describe John’s trip to the store to buy groceries. However, if we
only use contrastive learning without considering their shared context, the embedding
of Sentence 1 could end up far away from the embedding of Sentence 2, making it
more difficult for the model to understand the overall story.

By building connections between different-modal pieces of information (in this
case, the sentences within each story), we can help ensure that semantically related
instances remain close together in the embedding space, preserving the semantic
consistency and improving the overall quality of the learned representations.

To consider similarity between samples, clustering algorithms (Alwassel et al.,
2020; Asano et al., 2020; Caron et al., 2020; Li et al., 2020d) can remedy the above
problems, where clustering algorithms group similar instances (i.e., instances with
similar semantic meaning) into the same cluster in the shared space RD, and push
different instances away into different clusters.

One problem arising from clustering learning is that story visualization involves
multi-modal features (i.e., language and visual features), if we simply cluster these
features into different clusters, these multi-modal features may be only grouped into
their own modalities separately. That is, visual instances are only clustered with
visual instances, and language instances with language instances Chen et al. (2021).
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So, it is important to have an approach that can pull multi-modal instances together
in a joint space. To address this, we suggest to feed merged features into clustering
algorithms, which are created by fine-grained word embeddings and image regional
features. In the following, we first explore fusion features, and then introduce both
online and offline clustering learning using fusion features in story visualization.

3.2.3.1 Fusion Features

First, we define the inputs for the clustering algorithm. If we simply cluster multi-
modal features into different clusters, these features may be only grouped into their
own modalities separately Chen et al. (2021). To address this, we use fusion features
X ∈ R(H∗W )×L as the input for clustering learning:

X = f(vregion) · g(sword)
T , (3.2)

where T denotes the transpose, vregion represents image regional features, sword rep-
resents word embeddings, H ∗W denotes the total number of spatial locations in
image regional features, and L denotes the total number of words in a sentence. Here,
we take the matrix multiplication over visual and language fine-grained features to
represent a multi-modal instance, which preserves visual and language information to
ensure a more precise clustering.

3.2.3.2 Online K-Means Clustering

We adopt the standard clustering algorithm K-means in the training process. To
implement it, we cluster fusion features into k distinct groups. So, the objectives
of the clustering algorithm are to partition N fusion features X1, X2,. . . , XN into k
(< N) sets S = {S1, S2, . . . , Sk}, and to minimize the within-cluster distances:

arg min
S

∑k

i=1

∑
X∈Si

∥X − Ci∥2 , (3.3)

where Ci is the mean of fusion feature points in Si. To have enough instances and to
cover variant semantic information for clustering, following Chen et al. (2021), we use
fusion features from the previous training samples to gather sufficient instances for
online clustering learning.

So, we get k centroids C1, C2, . . . , Ck, and then we use these centroids as contrastive
loss reference targets. This target pulls the fusion features belonging to the same
cluster closer to the centroid, and pushes the features far away from the other centroids:

Lcluster = − 1

N

∑N

i=1
log

exp(cos(Xi, CX)/τ)∑k
j=1 exp(cos(Xi, Cj)/τ)

, (3.4)
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where N is the number of training samples, and CX is the centroid of Xi. Finally, the
network learns to cluster similar fusion features created by both textual and visual
inputs to be closer to their centroids, and thus learns to capture semantic similarity
across modalities.

3.2.3.3 Offline K-Means Clustering

In online K-means clustering, the centroids are not fixed and are adjusted during
the training of the GAN, which may take time to find the centroids. Instead, we
precompute the centroids and fix them during training. To do this, we first pretrain
an image encoder (e.g., VGG-16 (Simonyan and Zisserman, 2014)) and a text encoder
(e.g., LSTM) to directly map both visual and textual inputs into a joint semantic
space RD. The objectives to train both the image and text encoders are defined below:

Lpretrain =Lcont(v
r
s_image, ss_sent) + Lcont(v

r
image, ssent)

+ Lcont(v
r
regions, swords) + Lcluster(X

r)

+ Lcont(v
r
s_regions, swords),

(3.5)

where r represents features extracted from a real sample, cont(v, s) denotes applying
contrastive losses between visual representation v and language representation s,
Lcluster(X) represents applying clustering learning on fusion features X, which are
created by word embeddings and image regional features, vs_image denotes visual
features from a story image, ss_sent denotes text features from a story sentence, and
vs_regions denotes regional features for a story image. To pretrain both text and image
encoders, we use paired story images and sentences from the given dataset. Therefore,
after finishing the pretraining of both text and image encoders, we can find the
centroids and then fix them during the training of the generative model to speed up
the training process.

3.2.4 Another Components

In addition to our proposed contrastive- and clustering-based approach to ensure
consistent representation construction, we also suggest feeding merged features into
the discriminator. The discriminator then compares the quality of the fusion features
created by word embeddings and image regional features extracted from synthetic
images to the fusion features created by the word embeddings and image regional
features extracted from ground-truth images. We believe that feeding fusion features
into the discriminator can help regularize training, stabilize clustering learning with
fusion features as inputs, and improve the overall performance of the model.
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Figure 3.2: Comparison between WSA and BWSA.

As the discriminator uses word-level information to provide fine-grained training
feedback, we propose to use it in the generator to improve its ability to capture relations
between language and visual features. To achieve this, we adopt word-level spatial
attention (WSA) and further extend it to comprehensively capture both positive and
negative relations between image regions and different words. We call this extension
bi-directional word-level spatial attention (BWSA), as shown in Fig. 3.2. Positive
effects of BWSA work similarly to WSA to highlight image regions corresponding
to semantic words, while negative effects work as a complementary component to
capture relations that cannot be observed by the positive part. WSA implements the
softmax function to produce a weight matrix, and thus almost all values in WSA are
greater than zero, meaning that the attention utilizes the scales of positive values to
highlight or ignore different image regions. However, not all words have a positive
impact on image regions, even if the impact is small. Therefore, to keep both negative
and positive effects, BWSA only highlights or ignores the relations between words and
image regions, rather than the actual values of hidden features.

3.2.4.1 Discriminator

The discriminator consists of a series of downsampling blocks, and inputs for our
discriminator are the fusion features (see Eq. 3.2). Fusion features are created by
fine-grained word embeddings and image regional features, extracted from a real
sample drawn from the dataset. So, the complete objectives to train the discriminator

30



LD are defined as follows:
LD =Lcont(v

r
s_image, ss_sent) + Lcont(v

r
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regions, swords) + Lcont(v
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+ Lcluster(X
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GAN = − 1

L
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i=1
log
(
E [log(D(Xr

i ))] + E
[
log(1−D(Xf

i ))
])

, (3.7)

where r represents features extracted from a real sample, L is the length of a story
(i.e., the number of text-image pairs in a story), Xr are real fusion features created by
word embeddings and image regional features extracted from the real image, Xf are
fake fusion features created by word embeddings and image regional features extracted
from the fake image. Here, following Zhang et al. (2021), we use the real stories and
their descriptions to train discriminator projection heads f and g (see Section 3.2.2).
This is because the generated images may have a poor quality, especially at the start
of training, and using such low-quality synthetic image and sentence pairs can hurt
the training of the projection heads f and g. So, the contrastive losses from fake
images are only applied to the generator.

3.2.4.2 Generator

Our generator only consists of a series of upsampling blocks to generate story images
at the desired resolution from given descriptions. Meanwhile, it uses BWSA to utilize
word-level information to improve its capabilities of capturing different relations. The
objectives to train the generator LG are defined as follows:

LG =Lcont(v
f
s_image, ss_sent) + Lcont(v

f
image, ssent)

+ Lcont(v
f
regions, swords) + Lcluster(X

f ) + LG
GAN,

(3.8)

LG
GAN = − 1

L

∑L

i=1
log
(
E
[
log(D(Xf

i ))
])

, (3.9)

where f represents features extracted from a synthetic sample.

3.2.5 Summary

In summary, our approach adopts both contrastive learning and clustering learning,
enabling the discriminator to provide comprehensive training feedback to the genera-
tor. This allows the generator to maximize the mutual information between paired
information and group instances with similar semantic meaning, ensuring a structured
joint space where similar instances are grouped together within an appropriate range
regardless of their modalities. As a result, we can use a single-GAN-based network to
produce high-quality synthetic results.

31



3.3 Experiments

Table 3.1: Quantitative evaluation between different methods on the Pororo-SV and
Abstract Scenes. For FID, FSD, and the number of parameters on Pororo-SV, lower
is better; for text-image cosine similarity (Cosine), higher is better.

Pororo-SV dataset Abstract dataset Number of Trainable Parameters
Method FID↓ FSD↓ Cosine↑ FID↓ FSD↓ Cosine↑ Generator Discriminator

StoryGAN 78.64 94.53 0.22 135.16 55.80 3.59 47.0M 47.2M
CP-CSV 67.76 71.51 0.32 - - - 86.9M 70.9M
DUCO 95.17 171.70 0.08 142.34 49.16 3.95 53.2M 47.2M
VLC 94.30 122.07 0.21 - - - 54.5M 47.2M
Ours 39.17 41.18 11.93 76.51 19.74 9.28 72.4M 10.4M

We evaluate our approach by comparing it with other methods. We adopt Sto-
ryGAN (Li et al., 2019c), CP-CSV (Song et al., 2020), DUCO (Maharana et al.,
2021), and VLC (Maharana and Bansal, 2021) as baselines. StoryGAN is a sequential
conditional generative adversarial network, CP-CSV uses StoryGAN as backbone and
adds the other segmentation mask generation pipeline to improve character consistency,
and DUCO and VLC are built on top of StoryGAN as well, which rely on auxiliary
video captioning networks to keep consistency. StoryGAN, CP-CSV, DUCO, and
VLC all have two sets of generative adversarial networks, one for image generation,
and one for story generation.

3.3.1 Implementation

We evaluate our approach at the resolution 64× 64 on Pororo-SV and 256× 256 on
Abstract Scenes, as Abstract Scenes provides larger-scale ground-truth images. To
work on images at the resolution 256× 256, we repeat the same upsampling blocks in
the generator and downsampling blocks in the discriminator for baseline methods. For
implementing online clustering learning, the text encoder is a pre-trained bi-directional
LSTM (Xu et al., 2018), and the image encoder is a VGG-16 (Simonyan and Zisserman,
2014), pre-trained on ImageNet. For offline clustering, we adopt the same text and
image encoders, but train both using Eq. 3.5 from scratch, and freeze both during the
training of the generative model. The image batch size is N = 40. To do clustering,
we combine 10 batches of instances together, and the number of clusters k in K-means
is set to 8. The hyperparameter is δ = 0.001. The network is trained for 240 epochs
on both Pororo-SV and Abstract Scenes. The Adam optimizer (Kingma and Ba, 2014)
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1. Pororo blames Crong for ruining the painting Loopy has drawn.

2. Crong understands what Pororo means to say.

3. Loopy and Petty bring cookies and come closer.

4. Petty try to give cookies to them.

5. Pororo stops Petty and Loopy and does not let them see the 

ruined painting.

1. Pororo and Eddy sees Loopy's picture. Pororo says Loopy paints well. 
Eddy nods and agrees.


2. Loopy is holding a brush and paint. Next to Loopy is Crong. Crong 
puts Loopy's paint in both of his hands.


3. Crong looks at Pororo. Pororo who was looking at Loopy's picture 
with Eddy turns his head. Crong puts his painted hand at Pororo's face.


4. Crong puts his painted hand at Pororo's face. Pororo's face is colored 
with green and brown paint.


5. Pororo’s cheeks are painted in green and brown. Pororo smudges his 
face with his hand and sees the green paint on his hand.

Ground-Truth

StoryGAN

CP-CSV

  DUCO

VLC

Ours

Ground-Truth

StoryGAN

CP-CSV

  DUCO

VLC

Ours

Figure 3.3: Qualitative comparison between methods on the Pororo-SV.

is adopted with learning rate 0.0002. We evaluate our approach and its variants on a
single Quadro RTX 6000 GPU.

3.3.2 Quantitative Evaluation

We conduct a quantitative comparison between different methods on both Pororo-SV
and Abstract, shown in Table 3.1. We find that our approach achieves the best results
in all evaluation metrics on both datasets. Our approach improves the FID score from
78.64 to 39.17, and the FSD score from 94.53 to 41.18 on Pororo-SV, and creates a
strong benchmark FID score of 76.51 and FSD score of 19.74 on Abstract, neither
relying on segmentation masks nor complex video captioning auxiliary networks. Note
that we do not evaluate CP-CSV and VLC on Abstract Scenes, as CP-CSV requires
segmentation masks and VLC has not released the complete code.

Moreover, in Table 3.1, we show the number of parameters in the generator and the
discriminator for different methods. Our approach has a smaller number of parameters.
Compared to StoryGAN, the total number of parameters in the network reduces about
12.1%, especially reducing about 77.9% in the discriminator.

3.3.3 Qualitative Evaluation

In Figs. 3.3 and 3.4, we show the qualitative comparison between different methods
on both Pororo-SV and Abstract. Although our approach has a single GAN with a
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1. The kids are near an apple tree.

2. Jenny is waving.

3. Jenny is waving to Mike.

4. Mike kicks a football to Jenny.

5. The sun is bright in the playground.

Ground-Truth

StoryGAN

  DUCO

Ours

Figure 3.4: Qualitative comparison between methods on the Abstract Scenes.

fewer number of parameters, the synthetic story images have better image details:
characters produced by our approach can be easily identified (e.g., penguin Pororo and
pink bear Loopy) with clear outline and finer appearance (e.g., glasses and a hat on
Pororo). As for Abstract, objects produced by our approach have a fine-grained shape
(e.g., realistic characters boy Mike and girl Jenny), and ensure a good consistency
between images within a story (e.g., the word sun only appears in the fifth sentence,
but all images generated by our approach contain a sun in the sky).

3.3.4 Ablation Study

In Table 3.2, we evaluate different losses and analyze their impact on the Pororo-
SV, including: (1) story image-story sentence (SI-SS), (2) image-sentence (I-S), (3)
region-word (R-W), (4) story region-word (SR-W), and (5) clustering (cluster).

3.3.4.1 Individual Contrastive and Clustering Losses

Table 3.2 shows that using any of the contrastive and clustering losses improves all
metrics compared to the baseline. The largest FID and FSD improvements come
from the region-word contrastive loss, which improves FID from 96.54 to 50.09 and
FSD from 103.72 to 67.17, respectively. However, using clustering loss alone would
not significantly improve the performance. The ablations highlight the effectiveness
of contrastive and clustering losses, where different contrastive losses maximize the
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Table 3.2: Ablation results with different contrastive losses and clustering losses on the
Pororo-SV, including: (1) story image-story sentence (SI-SS), (2) image-sentence (I-S),
(3) region-word (R-W), (4) story region-word (SR-W), and (5) clustering (Cluster).

SI-SS I-S R-W SR-W Cluster FID FSD Cosine
96.54 103.72 1.53

✓ 72.36 76.14 2.01
✓ 79.95 81.27 2.29

✓ 50.09 67.17 7.64
✓ 86.83 79.80 1.62

✓ 90.09 89.20 1.68
✓ ✓ ✓ ✓ 49.22 54.47 10.37
✓ ✓ ✓ ✓ ✓ 39.17 41.18 11.93

mutual information at different representation levels, and the clustering loss helps
capture semantic similarity and prevent contrastive learning pushing instances with
similar semantic meaning far away from each other.

3.3.4.2 Combined Contrastive and Clustering Losses

Combining contrastive and clustering losses further improves all metrics. Using all
contrastive losses achieves a better performance (FID 49.22 and FSD 54.47) than each
individual. This demonstrates that different representation level contrastive losses are
complementary, and using all of them can comprehensively explore mutual information
between pairs to achieve the best improvement. Besides, contrastive and clustering
losses also complement each other: the best FID and FSD scores come from combining
all contrastive and clustering losses together, to obtain our final results.

3.3.4.3 Different Choices of Contrastive Methods

As discussed in Section 3.2.2, we suggest to adopt the masked margin softmax func-
tion (MMS) (Ilharco et al., 2019), instead of the normalized temperature-scaled
cross-entropy loss (NT-Xent) (Chen et al., 2020), to define the similarity between rep-
resentations from visual and language information and thus to exploit more additional
negative. Here, we conduct a comparison study by replacing MMS with NT-Xent
in all computation of contrastive losses, shown in Table 3.3. As we can see, using
NT-Xent achieves worse scores on all metrics, degrading FID from 39.17 to 51.82,
and FSD from 41.18 to 52.13. This indicates that comprehensively learning against a
wider set of negative examples, namely, all those in the batch that are not known to
be positively associated, can better explore mutual information across modalities, and
thus improve image quality, text-image alignment, and story consistency.
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Table 3.3: Comparison between different choices on the Pororo-SV.

Choice FID FSD

w/ NT-Xent 51.82 52.13
w/ Hierarchical Clustering 46.31 43.10
w/ Individual Feature 58.71 59.14
w/ Offline Learning 51.32 50.54

w/o BWSA 61.12 64.23
w/ WSA 50.13 53.25

4 186.77 282.61
8 39.17 41.18
16 43.95 42.46
32 42.87 45.29
64 45.34 45.83

Ours: MMS + K-means (8) + Fusion + Online + w/ BWSA 39.17 41.18

3.3.4.4 Different Choices of Clustering Methods

We evaluate different choices of clustering learning in our approach, including (1) selec-
tion of different clustering algorithms, such as hierarchical clustering and K-means, (2)
inputs for clustering algorithms, i.e., fusion features and individual features from their
own modality, and (3) online and offline clustering learning. As shown in Table 3.3,
first, there were no significant changes on all metrics when using different clustering
algorithms, so the choice of different clustering algorithms depends on the specific
requirements of the task, as well as the strengths and weaknesses of each algorithm.
Second, using individual features degraded the performance of our method, reflected by
worse FID and FSD. This indicates that using fusion features encourages each modality
feature to move closer to the semantic centroid, by explicitly encouraging semantically
close features from different domains to cluster together. Third, online clustering
learning achieved a better performance compared to offline learning, reflected by
improvements on all metrics, which means that the training prediction heads along
with generative models could better convert different modality features into a joint
space to achieve better translation from language inputs into visual contexts.

3.3.4.5 Number of Clusters

Table 3.3 shows the results using different number of cluster sizes for K-means. As we
can see, results considerably improve when the number of clusters increases from 4
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No Contrastive Learning neither Clustering Learning Contrastive Learning Only Contrastive Learning and Clustering Learning

Figure 3.5: t-SNE plots of effects of clustering learning. Images from the same story
have the same color.

to 8, and become stable after 8 on Pororo-SV. Based on this, we set the number of
clusters k = 8 for our clustering algorithm.

3.3.4.6 Visualization of Effects of Clustering Learning

We visualize synthetic story images on Pororo-SV using t-SNE plots, shown in Fig. 3.5.
For this plot, we randomly choose 16 story sentences and feed them into three methods
separately, to generate 16 stories with 80 images for each method. Then, we use a
pre-trained VGG-16 to extract a global image feature from each image with dimension
R356 and visualize these features using t-SNE. Basically, images within the same story
are close to each other, as they have a certain semantic similarity, and images from
different stories may be close if they have similar semantic meaning. We observe that
with the help of contrastive learning only (middle), semantically related instances (e.g.,
instances from the same story) tend to be more tightly related than without using
both learning methods (left), and using clustering learning (right) can further pull
similar instances together than using contrastive learning only. Also, image features
from different stories are clearly more separable using clustering learning, if the stories
have a low semantic similarity.

3.3.4.7 Bi-Directional Attention

By Table 3.3, without BWSA, the evaluation results on metrics degrade. This demon-
strates that BWSA is complementary to the discriminator, where the discriminator
uses information from story-level to word-level to provide comprehensive training
feedback to the generator, and under the guidance of such fine-grained feedback, the
generator uses BWSA to capture relations between language and visual information.
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1. Monkey doll is saying bye to Crong. Crong is slowly closing his eyes.

2. Crong woke up in the morning. Crong is sitting on the bed. Crong is very excited and happy.

3. Crong is holding a toy plane on his hand. Crong watches Pororo.

4. Pororo is walking across the room. Pororo is smiling and holding a monkey doll in his hands.

5. Pororo is holding a monkey doll in his hands. Crong is approaching to Pororo and the doll.

Ground-Truth

Ours

Figure 3.6: Heat map of bi-directional attention.

Furthermore, we replace BWSA with word-level spatial attention (Xu et al., 2018)
(WSA) to verify its effect. Compared to w/o BWSA, w/ WSA improves all scores,
but the scores are still worse than the full model, which indicates that the negative
relation in our proposed BWSA can further improve the output results. We attribute
this improvement to the comprehensive capture of different relations between words
and image regions, instead of the positive effects that are only contained in WSA. We
think that our proposed BWSA is a complete version of word-level spatial attention
that captures both positive and negative relations between image regions and different
words, where a positive effect of BWSA works similarly to WSA to highlight image
regions aligned with corresponding semantic words, and a negative effect of BWSA
works as a complementary component to capture relations that cannot be observed by
the positive part.

3.3.5 Visualization of Bi-Directional Attention

In Fig. 3.6, we show the heat map of the relation matrix α ∈ R(H∗W )×L (shown in
Fig. 3.2, red region) to visualize both positive and negative effects between image
regions and words that are captured by our proposed BWSA. The bottom is the heat
map of relations between image regions and words, corresponding to each synthetic
story image. We extract the relation matrix α at the resolution 64 × 64. However,
there are a total of 4096 spatial locations in the hidden features, which is not good for
visualization. So, we use 64 image regions to represent the whole spatial locations by
computing the average in each region. Also, the number of words varies, and thus we
choose the first 10 words for visualization. Thus, the y and the x axis of each heat
map represent 10 different words and 64 different image regions, respectively. As we
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can see, the values in the heat map range from −1 to 1, instead of ≥ 0, and dark colors
(< 0) appear in multiple locations, which indicates that there exist both positive and
negative relations between words and image regions, and thus to comprehensively
capture all relations can further improve the generation of story images.

3.3.6 Human Evaluation

Table 3.4: Human evaluation on the Pororo-SV based on three criteria.

Choice (%) Ours VLC DUCO

Visual Quality 78.67 11.33 10.00

Alignment 73.67 16.00 10.33

Consistency 82.00 9.67 8.33

A human evaluation study on Pororo-SV is conducted to further evaluate the
effectiveness of our approach. Following StoryGAN (Li et al., 2019c), three evaluation
criteria are chosen: (1) visual quality, (2) text-image semantic alignment, and (3) con-
sistency across story images. In this human evaluation, we ask workers to decide
which sample is the best, where each sample contains story images and corresponding
sentences. 100 randomly selected samples are assigned to three workers to reduce the
human variance. As shown in Table 3.4, workers prefer the synthetic story images
that are generated by our approach on these three evaluation criteria.

3.4 Conclusion

We studied how to use both contrastive learning and clustering learning to maximize
mutual information between instances with the similar semantic meaning to ensure a
structured joint space. Besides, we introduced fusion features and use the features in
both clustering learning and the discriminator, and further extended word-level spatial
attention to comprehensively capture both positive and negative relations between
words and image regions. By doing this, we have a concise single-GAN-based network,
based on contrastive and clustering learning, where experimental results demonstrate
the superior performance of our proposed approach, even if it has a small number of
parameters compared to the baselines.
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Chapter 4

Build Connections between
Different-Modal Information

In this chapter, I mainly focus on exploring different approaches to achieve an effective
interaction between multi-modal information. To achieve this, three approaches are
proposed: (1) word-level attention-based connection, helped with a complementary
word-level discriminator, (2) a text-image affine combination module, and (3) a semi-
parametric memory-driven approach, where all approaches can allow the network
to learn to effectively correlate image regional visual attributes with corresponding
semantic words from a given sentence. To evaluate our proposed approaches, two tasks
are adopted: text-to-image generation and text-guided image manipulation. More
details about two tasks are described in Chapter 2.

4.1 Word-Level Attention-Based Connection with a
Complementary Discriminator

Basically, it is challenging to generate image content that matches the textual descrip-
tion due to the domain gap between these two modalities. To address this challenge,
we propose to utilize word-level attention to enable the network to learn how to
correlate image visual attributes with semantically aligned words from a given sen-
tence. Additionally, we introduce a complementary word-level discriminator to provide
fine-grained training feedback to the generator, helping it to capture the cross-domain
relationships accurately. In the following sections, we first provide the background of
the task used to evaluate our proposed approaches, followed by more details on how
to use attention to effectively correlate information from different modalities.
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4.1.1 Background of Controllability in Text-to-Image Genera-
tion

This bird has a yellow back and
rump, gray outer rectrices, and a
light gray breast. (original text)

This bird has a red back and rump,
yellow outer rectrices, and a light
white breast. (modified text)

Text StackGAN AttnGAN Ours Original

Figure 4.1: Examples of modifying synthetic images by editing the natural language
description. The current methods can generate realistic images, but fail to modify the
synthetic image by changing the given sentence. In contrast, our method allows parts
of the image to be manipulated in correspondence to the modified text description
while preserving other unrelated content.

Generating realistic images that semantically match a given text descriptions
is a challenging problem and has tremendous potential applications, such as image
editing, video games, and computer-aided design. Recently, thanks to the success
of generative adversarial networks (GANs) (Denton et al., 2015; Goodfellow et al.,
2014; Radford et al., 2015) in generating realistic images, text-to-image generation has
made remarkable progress (Reed et al., 2016b; Xu et al., 2018; Zhang et al., 2017a) by
implementing conditional GANs (cGANs) (Dong et al., 2017; Reed et al., 2016b,a),
which are able to generate realistic images conditioned on given text descriptions.

However, current generative networks are typically uncontrollable, which means
that if users change some words of a sentence, the synthetic image would be significantly
different from the one generated from the original text as shown in Fig. 4.1. When
the given text description (e.g., color) is changed, corresponding visual attributes of
the bird are modified, but other unrelated attributes (e.g., the pose and position) are
changed as well. This is typically undesirable in real-world applications, when a user
wants to further modify the synthetic image to satisfy her preferences.

So, the goal of this paper is to generate images from text, and also allow the user
to manipulate synthetic images using natural language descriptions, in one framework.
In particular, we focus on modifying visual attributes (e.g., category, texture, and
color) of objects in the generated images by changing given text descriptions.

To solve this problem, we propose an attention-based approach to effectively
correlate image visual attributes with corresponding semantic words from a given
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Figure 4.2: Architecture of our proposed ControlGAN. In (b), Lcorre is the correlation
loss. In (c), Lper is the perceptual loss.

sentence, where attention allows the network to learn to identify specific image
visual attributes, semantically aligned with the corresponding words, and thus the
network can only modify specific visual attributes in the synthetic images by changing
corresponding words of a given sentence. Meanwhile, a complementary word-level
discriminator is proposed to help the generator to correctly capture this relations.
More details are shown as follow.

4.1.2 Attention-Based Controllable Text-to-Image Generation

The complete multi-stage architecture is shown in Fig. 4.2, including generators with
word-level spatial and channel-wise attention-based connection, word-level discrimi-
nators, and a perceptual loss network. In the following, the term “channel” refers to
individual feature maps.

4.1.2.1 Attention-Based Connection

The generator in our proposed network exploits the attention mechanism via incor-
porating a spatial attention module (Xu et al., 2018) and the proposed channel-wise
attention module. The spatial attention module can only correlate words with in-
dividual spatial locations without taking channel information into account. Thus,
we introduce a channel-wise attention module to exploit the connection between
words and channels. We experimentally find that the channel-wise attention module
highly correlates semantically meaningful parts of the image with corresponding words,
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ṽ : D × (H * W )

γ′￼: D × L

b̃ : D × L

Trans.

Trans.

Trans.

MatMul

Softmax

MatMul

Trans. Transpose

MatMul

Hadamard Product 

Summation

Mul.

Repeat Along Row 
Direction

Matrix 
MultiplicationF F′￼

αk : C × L

C × (Hk * Wk)

β : L × (H * W )

Word-
Level 
Self 

Attention

γ : 1 × L

F, F′￼ Perception Layer

∑

Figure 4.3: Architecture of the proposed channel-wise attention module and word-level
discriminator, where the “channel” refers to individual feature maps of hidden features.

while the spatial attention focuses on color descriptions (see Fig. 4.6). Therefore, our
proposed channel-wise attention module, together with the spatial attention, can help
the generator disentangle different visual attributes, and allow it to focus only on the
most relevant subregions and channels.

At the kth stage, the channel-wise attention module (see Fig. 4.3 (a)) takes two
inputs: the word features w ∈ RD×L and hidden visual features vk ∈ RC×(Hk∗Wk),
where D represents the dimensionality of the word embedding space, L is the number
of words, Hk and Wk denote the height and width of the feature map at stage k,
respectively, and C is the number of channels. The word embeddings w are first
mapped into the same semantic space as the visual features vk via a perception layer
F , producing w̃k = Fw, where F ∈ R(Hk∗Wk)×D.

Then, we calculate the channel-wise attention matrix mk ∈ RC×L by multiplying
the converted word features w̃k and visual features vk, denoted asmk = vkw̃k. Thus, mk

aggregates correlation values between channels and words across all spatial locations,
where each element in mk is the sum of correlation values at all spatial locations. Next,
mk is normalized by the softmax to generate the normalized channel-wise attention
matrix αk as

αk
i,j =

exp(mk
i,j)∑L−1

l=0 exp(mk
i,l)

. (4.1)

The attention weight αk
i,j represents the correlation between the ith channel in the

visual features vk and the jth word in the sentence S, and higher value means larger
correlation between them.
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Equipped with the channel-wise attention matrix αk, we obtain the final channel-
wise attention features fα

k ∈ RC×(Hk∗Wk), denoted as fα
k = αk(w̃k)

T . Thus, channels
with high correlation values are enhanced resulting in a high response to corresponding
words, which can facilitate disentangling word attributes into different channels, and
also reduce the influence from irrelevant channels by assigning a lower correlation.

4.1.2.2 Word-Level Discriminator

To encourage the generator to modify only parts of the image according to the text,
the discriminator should provide the generator with fine-grained training feedback,
which can guide the generation of subregions corresponding to the most relevant
words. Actually, the text-adaptive discriminator (Nam et al., 2018) also explores the
word-level information in the discriminator, but it adopts a global average pooling
layer to output a 1D vector as image feature, and then calculates the correlation
between image feature and each word. By doing this, the image feature may lose
important spatial information, which provides crucial cues for disentangling different
visual attributes. To address the issue, we propose a novel word-level discriminator to
explore the correlation between image subregions and each word; see Fig. 4.3 (b).

Our word-level discriminator takes two inputs: 1) word features w,w′ encoded
from the text encoder, which follows the same architecture as the one (see Fig. 4.2
(a)) used in the generator, where w and w′ denote word features encoded from the
original text S and a randomly sampled mismatched text, respectively, and 2) visual
features vreal, vfake, both encoded by a GoogleNet-based (Szegedy et al., 2015) image
encoder from the real image I and generated images I ′, respectively.

For simplicity, we use v ∈ RC×(H∗W ) to represent visual features vreal and vfake at
stage k, and use w ∈ RD×L for both original and mismatched word features. The
word-level discriminator contains a perception layer F ′ that is used to align the
channel dimension of visual feature v and word feature w, denoted as ṽ = F ′v, where
F ′ ∈ RD×C is a weight matrix to learn. The reason for performing alignment in the
word space rather than in the visual space is that word-level self-attention will be
further utilized to update image subregion-aware word features b in the subsequent
steps. The word-context correlation matrix m ∈ RL×(H∗W ) is derived via m = wT ṽ,
and is further normalized by the softmax function to get a correlation matrix β:

βi,j =
exp(mi,j)∑(H∗W )−1

l=0 exp(mi,l)
, (4.2)

where βi,j represents the correlation value between the ith word and the jth subregion of
the image. Then, the image subregion-aware word features b ∈ RD×L can be obtained
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by b = ṽβT , which aggregates all spatial information weighted by the word-context
correlation matrix β.

Additionally, to further reduce the negative impact of less important words, we
adopt the word-level self-attention (Nam et al., 2018) to derive a 1D vector γ with
length L reflecting the relative importance of each word. Then, we repeat γ by D

times to produce γ′, which has the same size as b. Next, b is further reweighted by γ′

to get b̃, denoted as b̃ = b⊙γ′, where ⊙ represents element-wise multiplication. Finally,
we derive the correlation between the ith word and the whole image as Eq. (4.3):

ri = σ(
(b̃i)

Twi

||b̃i|| ||wi||
), (4.3)

where σ is the sigmoid function, ri evaluates the correlation between the ith word and
the image, and b̃i and wi represent the ith column of b and w, respectively.

Therefore, the final correlation value Lcorre between image I and sentence S is
calculated by summing all word-context correlations, denoted as Lcorre(I, S) =

∑L−1
i=0 ri.

By doing so, the generator can receive fine-grained feedback from the word-level
discriminator for each visual attribute, which can further help supervise the generation
and manipulation of each subregion independently.

4.1.2.3 Perceptual Loss

Without adding any constraint on text-irrelevant regions (e.g., backgrounds), the
generated results can be highly random, and may also fail to be semantically consistent
with other content. To mitigate this randomness, we adopt the perceptual loss (Johnson
et al., 2016) based on a 16-layer VGG network (Simonyan and Zisserman, 2014) pre-
trained on the ImageNet dataset (Russakovsky et al., 2015). The network is used to
extract semantic features from both the generated image I ′ and the real image I, and
the perceptual loss is defined as

Lper(I
′, I) =

1

CiHiWi

∥ϕi(I
′)− ϕi(I)∥22 , (4.4)

where ϕi(I) is the activation of the ith layer of the VGG network, and Hi and Wi are
the height and width of the feature map, respectively. The intuition behind perceptual
loss is to leverage pre-trained deep neural networks to capture and compare higher-level
visual features, allowing the learning process to be guided towards generating visually
plausible and semantically aligned images that closely resemble the corresponding
ground-truth images.
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4.1.2.4 Objective Functions

The generator and discriminator are trained alternatively by minimizing both the
generator loss LG and discriminator loss LD.

Generator objective. The generator loss LG as Eq. (4.5) contains an adversarial
loss LGk

, a text-image correlation loss Lcorre, a perceptual loss Lper, and a text-image
matching loss LDAMSM (Xu et al., 2018).

LG =
K∑
k=1

(LGk
+ λ2Lper(Ik

′, Ik) + λ3 log(1− Lcorre(I
′
k, S))) + λ4LDAMSM, (4.5)

where K is the number of stages, Ik is the real image sampled from the true image
distribution Pdata at stage k, Ik ′ is the generated image at the kth stage sampled
from the model distribution PGk, λ2, λ3, λ4 are hyper-parameters controlling different
losses, Lper is the perceptual loss described in Section 4.1.2.3, which puts constraint
on the generation process to reduce the randomness, the LDAMSM (Xu et al., 2018) is
used to measure text-image matching score based on the cosine similarity, and Lcorre

reflects the correlation between the generated image and the given text description
considering spatial information.

The adversarial loss LGk
is composed of the unconditional and conditional adver-

sarial losses shown in Eq. (4.6): the unconditional adversarial loss is applied to make
the synthetic image be real, and the conditional adversarial loss is utilized to make
the generated image I ′ match the given text S.

LGk
= −1

2
EIk

′∼PGk
[log(Dk(Ik

′))]︸ ︷︷ ︸
unconditional adversarial loss

−1

2
EIk

′∼PGk
[log(Dk(Ik

′, S))]︸ ︷︷ ︸
conditional adversarial loss

. (4.6)

Discriminator objective. The final loss function for training the discriminator
D is defined as:

LD =
K∑
k=1

(LDk
+ λ1(log(1− Lcorre(Ik, S)) + logLcorre(Ik, S

′))), (4.7)

where Lcorre is the correlation loss determining whether word-related visual attributes
exist in the image (see Section 4.1.2.2), S ′ is a mismatched text description that is
randomly sampled from the dataset and is irrelevant to Ik, and λ1 is a hyper-parameter
controlling the importance of additional losses.

The adversarial loss LDk
contains two components: the unconditional adversar-

ial loss determines whether the image is real, and the conditional adversarial loss
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determines whether the given image (I or I ′) matches the text description S:

LDk
=−1

2
EIk∼Pdata [log(Dk(Ik))]−

1

2
EIk

′∼PGk
[log(1−Dk(Ik

′))]︸ ︷︷ ︸
unconditional adversarial loss

−1

2
EIk∼Pdata [log(Dk(Ik, S))]−

1

2
EIk

′∼PGk
[log(1−Dk(Ik

′, S))]︸ ︷︷ ︸
conditional adversarial loss

.
(4.8)

4.1.2.5 Summary

In this chapter, we propose to use word-level attention to correlate image visual
attributes with corresponding semantic words from a given sentence, helped with fine-
grained training feedback provided by a complementary word-level discriminator. By
doing this, our network effectively disentangle different attributes and semantic words,
and build an accurate connection between them to achieve an effective interaction.

4.1.3 Experiments

Table 4.1: Quantitative comparison: Inception score, R-precision, and L2 reconstruc-
tion error of baselines and ControlGAN on the CUB and COCO.

CUB COCO

Method IS Top-1 Acc(%) L2 error IS Top-1 Acc(%) L2 error

StackGAN++ 4.04 ± .05 45.28 ± 3.72 0.29 8.30 ± .10 72.83 ± 3.17 0.32
AttnGAN 4.36 ± .03 67.82 ± 4.43 0.26 25.89 ± .47 85.47 ± 3.69 0.40

Ours 4.58 ± .09 69.33 ± 3.23 0.18 24.06 ± .60 82.43 ± 2.43 0.17

To evaluate the effectiveness of our approach, we conduct extensive experiments on
the CUB bird (Wah et al., 2011) and the MS COCO (Lin et al., 2014) datasets. We
compare with two GAN methods on text-to-image generation, StackGAN++ (Zhang
et al., 2018a) and AttnGAN (Xu et al., 2018). Results for the baselines are reproduced
based on the code released by the authors.

4.1.3.1 Implementation

There are three stages (K = 3) in our ControlGAN generator following Xu et al.
(2018). The three scales are 64 × 64, 128 × 128, and 256 × 256, and spatial and
channel-wise attentions are applied at the stages 2 and 3. The text encoder is a
pre-trained bidirectional LSTM (Schuster and Paliwal, 1997) to encode the given text
description into a sentence feature with dimension 256 and word features with length
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Figure 4.4: Qualitative results on the CUB and COCO. Odd-numbered columns show
the original text and even-numbered ones the modified text. The last two are an
out-of-distribution case.

18 and dimension 256. In the perceptual loss, we compute the content loss at layer
relu2_2 of VGG-16 (Simonyan and Zisserman, 2014) pre-trained on the ImageNet
(Russakovsky et al., 2015). The whole network is trained using the Adam optimizer
(Kingma and Ba, 2014) with the learning rate 0.0002. The hyper-parameters λ1, λ2,
λ3, and λ4 are set to 0.5, 1, 1, and 5 for both datasets, respectively.

4.1.3.2 Comparison with State of the Art

Quantitative results. We adopt the Inception score (Salimans et al., 2016) to
evaluate the quality and diversity of the generated images. However, as the Inception
score cannot reflect the relevance between an image and a text description, we utilize
R-precision (Xu et al., 2018) to measure the correlation between a generated image
and its corresponding text. We compare the top-1 text-to-image retrieval accuracy
(Top-1 Acc) on the CUB and COCO datasets following Nam et al. (2018).

Quantitative results are presented in Table 4.1. Through random repeated runs,
our method achieves higher IS and R-precision values on the CUB dataset compared to
the state of the art, indicating the generation of higher-quality images with improved
diversity that semantically align with the text descriptions. Additionally, our method
demonstrates competitive performance on the COCO dataset.

To evaluate the controllability of the generated results, the L2 reconstruction
error (Nam et al., 2018) between the images generated from the original and modified
texts is computed in Table 4.1. ControlGAN achieves a significantly lower reconstruc-
tion error compared to other methods, indicating that our approach better preserves
the content in the image generated from the original text.

Qualitative results. We present qualitative comparisons in Fig. 4.4. Our
approach showcases the ability to accurately manipulate specific visual attributes
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Figure 4.5: Qualitative comparison of methods on the CUB and COCO. Odd-numbered
columns show the original text and even-numbered ones the modified text.

based on the given text descriptions. Moreover, our method demonstrates its capability
in handling out-of-distribution text-to-image generation, as depicted in the last two
columns of Fig. 4.4 where a group of non-existent red zebras on a river is generated.
These results underscore the effectiveness of our approach in disentangling visual
attributes for text-to-image generation, enabling independent manipulation of different
visual attributes.

Fig. 4.5 shows the visual comparison between ControlGAN, AttnGAN (Xu et al.,
2018), and StackGAN++ (Zhang et al., 2018a). It can be observed that when the text
is modified, the two compared approaches are more likely to generate new content, or
change some visual attributes that are not relevant to the modified text. For instance,
as shown in the first two columns, when we modify the color attributes, StackGAN++
changes the pose of the bird, and AttnGAN generates new background. In contrast, our
approach is able to accurately manipulate parts of the image generation corresponding
to the modified text, while preserving the visual attributes related to unchanged text.

In COCO, our model again achieves much better results compared with others
shown in Fig. 4.5. For example, as shown in the last four columns, the compared
approaches cannot preserve the shape of objects and even fail to generate reasonable
images. Generally speaking, the results on COCO are not as good as on the CUB
dataset. We attribute this to the few text-image pairs and more abstract captions in
the dataset. Although there are a lot of categories in COCO, each category only has a
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few number of examples, and captions focus mainly on the category of objects rather
than detailed descriptions, which makes text-to-image generation more challenging.

head this
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bird, with green flank, a 

white belly, a yellow 
crown, and a black bill.

Generated Image billwith
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and black bird with a red 
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Figure 4.6: Top: Visualization of feature channels at stage 3. The number at the top-
right corner indicates the channel number, and the word with the highest correlation
αi,j in Eq. 4.1 with the channel is displayed below the image. Bottom: Spatial attention
produced in stage 3.

4.1.3.3 Component Analysis

Effectiveness of channel-wise attention. Our model implements channel-wise
attention in the generator, together the spatial attention, to generate realistic images.
To better understand the effectiveness of attention mechanisms, we visualize the
intermediate results and corresponding attention maps at different stages.

We have experimentally observed that the channel-wise attention module closely
correlates with semantic parts of objects, while the spatial attention module focuses
mainly on color descriptions. Fig. 4.6 shows several channels of feature maps that
correspond to different semantics, and our channel-wise attention module assigns large
correlation values to channels that are semantically related to the words describing
parts of a bird, such as “hear”, “wings”, “bill”, and “crown”. This phenomenon is further
confirmed by the ablation study shown in Fig. 4.7 (left side). Without the channel-wise
attention module, our model fails to generate controllable results when we modify the
text related to parts of a bird. In contrast, our model with the channel-wise attention
module can generate better controllable results.

Effectiveness of word-level discriminator. To verify the effectiveness of the
word-level discriminator, we first conduct an ablation study: our model is trained
without word-level discriminator, shown in Fig. 4.7 (right side), and then we construct
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Figure 4.7: Left: Ablation study of channel-wise attention. Right: Ablation study of
the word-level discriminator. Without either component, our model fails to maintain
consistency between the new synthetic image and its initial synthetic image (e.g.,
different pose and shape) when modifying the text related to parts of a bird.
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Figure 4.8: Left: Ablation study of the perceptual loss. Right: Comparison between our
word-level discriminator and the text-adaptive discriminator (Nam et al., 2018). From
the comparison, we can observe that the perceptual loss helps preserve text-irrelevant
contents, and our network can better modify image parts due to the fine-grained
training feedback provided by our proposed discriminator.

a baseline model by replacing our discriminator with a text-adaptive discriminator
(Nam et al., 2018), which also explores the correlation between image features and
words. Visual comparisons are shown in Fig. 4.8 (right side). We can easily observe
that the compared baseline fails to manipulate the synthetic images. For example,
as shown in the first two columns, the bird generated from the modified text has a
totally different shape, and the background has been changed as well. This is due to
the fact that the text-adaptive discriminator (Nam et al., 2018) uses a global pooling
layer to extract image features, which may lose important spatial information.

Effectiveness of perceptual loss. We conducted an ablation study where
our model was trained without the perceptual loss, as shown in Fig. 4.8 (left side).
Without the perceptual loss, the generated images from modified text struggle to
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preserve content related to the unmodified text. This indicates that the perceptual
loss introduces a stricter semantic constraint on image generation and helps reduce
the level of randomness involved.

4.1.4 Conclusion

We have proposed a controllable generative adversarial network (ControlGAN), which
can generate and manipulate the generation of images based on natural language
descriptions. Our ControlGAN can successfully disentangle different visual attributes
and allow parts of the synthetic image to be manipulated accurately, while preserving
the generation of other content. Three novel components are introduced in our model:
(1) the word-level spatial and channel-wise attention-driven generator can effectively
disentangle different visual attributes, (2) the word-level discriminator provides the
generator with fine-grained training signals related to each visual attribute, and (3)
the adoption of perceptual loss reduces the randomness involved in the generation, and
enforces the generator to reconstruct content related to unmodified text. Extensive
experimental results demonstrate the effectiveness and superiority of our method on
two benchmark datasets.
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4.2 Text-Image Affine Combination

In this section, we introduce a novel approach for combining text and image infor-
mation to enable effective interaction between the two modalities. Unlike attention
mechanisms, which can be computationally expensive and overlook text-irrelevant
image features, our proposed method, called the text-image affine combination module,
offers a simple yet effective solution. It leverages an affine transformation to merge text
and image features during the generation process, allowing the network to selectively
integrate text-required image regional information into the generation pipeline while
preserving text-irrelevant image contents.

In the following, we provide the background of the task used to evaluate our
approaches and delve into the details of how the affine transformation is utilized to
achieve an efficient and meaningful interaction between text and image information.

4.2.1 Background of Text-Guided Image Manipulation

Image manipulation aims to modify some aspects of a given image, from low-level
texture or color (Gatys et al., 2016; Zhang et al., 2016) to high-level semantics (Zhu
et al., 2016), to meet a user’s preferences, which has numerous potential applications
in video games, image editing, and computer-aided design. At the time of writing this
paper, with the development of deep learning and deep generative models, automatic
image manipulation has made remarkable progress, including image inpainting (Iizuka
et al., 2016; Pathak et al., 2016), image colorization (Zhang et al., 2016), style transfer
(Gatys et al., 2016; Johnson et al., 2016), and domain or attribute translation (Isola
et al., 2017; Lample et al., 2017).

All of the aforementioned studies primarily focus on specific problems, and there
are only a few studies that address the broader and more user-friendly domain of
text-guided image manipulation. Specifically, text-guided image manipulation aims to
semantically edit specific parts of an image based on natural language descriptions
provided by the user, while preserving the rest of the image content that is not
mentioned in the text. However, at the time of writing this paper, the existing
state-of-the-art text-guided image manipulation methods, such as those proposed by
Dong et al. (2017) and Nam et al. (2018), have limitations in generating high-quality
images. As shown in Fig. 4.9, the first row depicts low-quality results produced by
these methods, which are far from satisfactory. Moreover, these methods often struggle
to effectively manipulate complex scenes, as illustrated in the second row of Fig. 4.9.
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To achieve an effective image manipulation guided by text descriptions, the key is
to exploit both text and image cross-modality information, generating new attributes
matching the given text and also preserving text-irrelevant contents of the original
image. To fuse text and image information, existing methods (Dong et al., 2017; Nam
et al., 2018) typically choose to directly concatenate image and global sentence features
along the channel direction. Albeit simple, the above heuristic may suffer from some
potential issues. Firstly, the model cannot precisely correlate fine-grained words with
corresponding visual attributes that need to be modified, leading to inaccurate and
coarse modification. For instance, shown in the first row of Fig. 4.9, baselines cannot
generate detailed visual attributes like black eye rings and a black bill. Secondly, the
model cannot effectively identify text-irrelevant contents and thus fails to reconstruct
them, resulting in undesirable modification of text-irrelevant parts in the image. For
example, in Fig. 4.9, besides modifying the required attributes, baselines also change
the texture of the bird (first row) and the structure of the scene (second row).

Additionally, the attention-based connection introduced in Section 4.1 can only
establish correlations between visual and textual information, but it lacks the ability
to focus on text-irrelevant image contents. In other words, it does not effectively
capture image regional information that is not mentioned in the given text.

To address the above issues, it is important to correctly correlate image visual
attributes with corresponding semantic words from a given text description, which
allows the network to identify specific image regions, and then achieve an effective
modification, aligned with the given text description. In the following, we give more
details about our proposed text-image affine combination module, based on an affine
transformation, to achieve an effective interaction.

4.2.2 Affine Transformation Based Text-Guided Image Manip-
ulation

To achieve an effective text-guided image manipulation, we propose a novel generative
adversarial network for text-guided image manipulation (ManiGAN), which can
generate high-quality new attributes matching the given text, and at the same time
effectively reconstruct text-irrelevant contents of the original image. In the following,
we present more details about key components used in our proposed network.

4.2.2.1 Architecture

As shown in Fig. 4.10, we adopt the multi-stage ControlGAN architecture as the
basic framework (see Section 4.1), as it achieves high-quality and controllable image
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Figure 4.9: Given an image that needs to be edited and a text provided by a user
describing desired attributes, the goal is to edit parts of the image according to the
given text while preserving text-irrelevant contents. State-of-the-art methods at the
time of writing this paper (Dong et al., 2017; Nam et al., 2018) are only capable of
generating low-quality images. In these images, the modified objects appear distorted
and blurry, and text-irrelevant contents, such as the background, are also modified. In
contrast, our method achieves accurate manipulation of the image to align with the
provided description, while also effectively reconstructing the text-irrelevant contents.

generation results based on the given text descriptions. We add an image encoder,
which is a pre-trained Inception-v3 network (Szegedy et al., 2016), to extract regional
image representations v. Our proposed text-image affine combination module (ACM)
is utilized to fuse text representations, encoded from a pre-trained RNN (Nam et al.,
2018), and regional image representations before each upsampling block at the end of
each stage. For each stage, the text features are refined with several convolutional
layers and also spatial attention and channel-wise attention introduced in Section 4.1
to produce hidden features h. The proposed ACM further combines h with the original
image features v in order to effectively select image regions corresponding to the given
text, and then correlate those regions with text information for accurate manipulation.
Meanwhile, it also encodes the original image representations for stable reconstruction.
The output features from the ACM module are fed into the corresponding generator to
produce an edited image, and are also upsampled serving as input to the next stage for
image manipulation at a higher resolution. The whole framework gradually generates
new visual attributes matching the given text description at a higher resolution with
higher quality, and also reconstructs text-irrelevant contents existing in the input
image at a finer scale. Finally, the proposed detail correction module (DCM) is used
to rectify inappropriate attributes, and to complete missing details.
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Figure 4.10: Architecture of ManiGAN. It has three stages, and each stage has a
generator and a discriminator, which progressively generates images from coarse to
fine-grained scales. At each stage, we use proposed ACM to fuse both visual and
textual information. The red dashed box indicates the inference pipeline, where a user
input both an image and a text description S ′ that contains desired image attributes,
and then the pipeline generates required modified images progressively. However, in
training, the text S ′ is replaced by S that correctly describes I. ACM denotes the
text-image affine combination module. DCM denotes the detail correction module.
The attention is omitted for simplicity.

4.2.2.2 Text-Image Affine Combination Module

The concatenation-based method used in previous works (Dong et al., 2017; Nam
et al., 2018) to combine text and image representations from different modalities is not
effective in accurately identifying the regions of the image that need to be modified.
As a result, these methods struggle to achieve fine-grained image manipulation, both
in terms of generating high-quality attributes corresponding to the given text and
maintaining the stability of text-irrelevant image contents during reconstruction.
Similarly, the attention-based connection described in Section 4.1 also overlooks text-
irrelevant contents. To address these limitations, we propose a simple text-image affine
combination module to fuse text-image cross-modality representations, where text
and image features collaborate to select text-relevant regions that need to be modified,
and then correlate those regions with corresponding semantic words for generating
new visual attributes semantically aligned with the given text description. Meanwhile,
it also encodes original image for reconstructing text-irrelevant contents.

As shown in Fig. 4.11 (a), our affine combination module takes two inputs: (1)
the hidden features h ∈ RC×H×D from the input text or intermediate hidden repre-
sentations between two stages, where C is the number of channels, H and D are the
height and width of the feature map, respectively, and (2) the regional image features
v ∈ R256×17×17 encoded from the input image I by the Inception-v3 (Szegedy et al.,
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Figure 4.11: Architecture of the text-image affine combination module and the detail
correction module. In (b), ACM denotes the text-image affine combination module.

2016). Then, v is upsampled and further processed with two convolutional layers to
produce W (v) and b(v) that have the same size as h. Finally, we fuse the two modality
representations to produce h′ ∈ RC×H×D as

h′ = h⊙W (v) + b(v), (4.9)

where W (v) and b(v) are the learned weights and biases based on the regional image
features v, which are used in the proposed ACM to update values of hidden features,
and ⊙ denotes Hadamard element-wise product. We use W and b to represent the
functions that convert the regional features v to scaling and bias values.

Our affine combination module (ACM) is designed to learn to fuse text and image
cross-modality representations. In the module, W (v) and b(v) are used to encode
the input image into semantically meaningful features, as illustrated in Fig. 4.12.
Through experimentation, we have observed that the multiplication operation allows
the image feature maps extracted from the input image to re-weight the hidden
features h generated from the given text. This serves the purpose of regional selection,
enabling the model to precisely identify the desired attributes (such as parts of a
bird) that align with the given text. At the same time, it establishes a correlation
between attributes and semantic words, facilitating effective manipulation. The bias
term in the module encodes image information, ensuring the stable reconstruction
of text-irrelevant contents (as shown in Fig. 4.12, b(v), where only text-irrelevant
contents, like the background, are highlighted). The above is in contrast with previous
approaches (De Vries et al., 2017; Dumoulin et al., 2016; Huang and Belongie, 2017;
Park et al., 2019) which apply conditional affine transformation in normalization layers
to compensate potential information loss due to normalization (Park et al., 2019) or
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The bird has a black bill, a red crown, and a white belly. (top)
This bird has wings that are black, and has a red belly and a red head. (bottom)

Original Ours w/o W Ours w/o b Ours W (v) h⊙W (v) b(v)

Figure 4.12: Ablation studies of the learned W and b. The texts on the top are the
given descriptions containing desired visual attributes, and the last three columns are
the channel feature maps of W (v), h⊙W (v), and b(v).

to incorporate style information from a style image (Dumoulin et al., 2016; Huang and
Belongie, 2017). To better understand what has been actually learned by different
components of our proposed affine combination module, we give a deeper analysis
shown in Section 4.2.3.2.

Why does the affine combination module work better than concatena-
tion? By simply concatenating the text and image representations along the channel
direction, existing models cannot explicitly differentiate regions that need to be modi-
fied from those that need to be preserved, making it challenging to strike a balance
between generating new attributes and reconstructing original content. Consequently,
this imbalance often leads to inaccurate or coarse modifications, as well as unintended
changes to text-irrelevant content. In contrast, our affine combination module employs
multiplication between text and image representations, enabling regional selection and
assisting the model in focusing on generating the desired fine-grained visual attributes.
Additionally, the additive bias component encodes text-irrelevant image information,
facilitating the reconstruction of content that does not require modification.

4.2.2.3 Detail Correction Module

To further enhance the details and complete missing contents in the synthetic image,
we propose a detail correction module (DCM), exploiting word-level text information
and fine-grained image features.

As shown in Fig. 4.11 (b), our detail correction module takes three inputs: (1) the
last hidden features hlast ∈ RC′×H′×D′ from the last affine combination module, (2) the
word features encoded by a pre-trained RNN following Xu et al. (2018), where each
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word is associated with a feature vector, and (3) visual features v′ ∈ R128×128×128 that
are extracted from the input image I, which are the relu2_2 layer representations
from a pre-trained VGG-16 (Simonyan and Zisserman, 2014) network.

Firstly, to further incorporate fine-grained word-level representations into hidden
features hlast, we adopt the spatial attention and channel-wise attention introduced
in Section 4.1 to generate spatial and channel-wise attention features s ∈ RC′×H′×D′

and c ∈ RC′×H′×D′ , respectively, which are further concatenated with hlast to produce
intermediate features a. The features a can further aid the model to refine visual
attributes that are relevant to the given text, contributing to a more accurate and
effective modification of the contents corresponding to the given description. Sec-
ondly, to introduce detailed visual features from the input image for high-quality
reconstruction, the shallow representations v′ of layer relu2_2 from the pre-trained
VGG network are utilized, which are further upsampled to be the same size as a,
denoted as ṽ′. Then, our proposed affine attention module is utilized to fuse visual
representations ṽ′ and hidden representations a, producing features ã. Finally, we
refine ã with two residual blocks to generate the final manipulated image I ′.

Why does the detail correction module work? This module aims to refine
the manipulated results by enhancing details and completing missing contents. On
the one hand, the word-level spatial and channel-wise attentions closely correlate
fine-grained word-level information with the intermediate feature maps, enhancing
the detailed attribute modification. On the other hand, the shallow neural network
layer is adopted to derive visual representations, which contain more detailed color,
texture, and edge information, contributing to missing detail construction. Finally,
further benefiting from our ACM, the above fine-grained text-image representations
collaborate to enhance the quality.

4.2.2.4 Training

First, our network has a multi-stage architecture that enables it to learn the funda-
mental features of an image at a low resolution and then refine those features at higher
resolutions, resulting in a more detailed and realistic final image. Then, to train the
network, we use adversarial training, where we alternately optimize our multi-stage
network and the discriminators (D1, D2, D3, DDCM).

Generator objective. We adopt the generator objective introduced in Section 4.1
for training the generator. Besides, we add a regularization term as

Lreg = 1− 1

CHW
||I ′ − I||, (4.10)
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where I is the real image sampled from the true image distribution, and I ′ is the
corresponding modified result produced by our model. The regularization term can
produce a large penalty when the generated image I ′ is the same as the input image,
which ensures diversity and prevents the network learning an identity mapping.

Discriminator objective. The objective is same as the objective introduced in
Section 4.1, and the function used to train the discriminator in the detail correction
module is the same as the one used in the last stage of the main module.

Training. Differently from loss objectives introduced in Section 4.1, which has
paired sentence S and corresponding ground-truth image I provided by CUB and
COCO datasets for training text-guided image generation models to learn the mapping
S → I, both datasets do not provide paired training data (I, S ′) → I ′gt for training
text-guided image manipulation models, where S ′ is a text describing new attributes,
and I ′gt is the corresponding ground truth modified image.

To simulate the training data, we use paired data (I, S) → I to train the model.
A natural question may arise: how does the model learn to modify the image I if
the input image I and ground-truth image are the same, and the modified sentence
S ′ does not exist in the input? In theory, the optimal solution is that the network
becomes an identity mapping from the input image to the output. The text-guided
image manipulation model is required to jointly solve image generation from text
descriptions (S → I), and text-irrelevant contents reconstruction (I → I). Thanks to
our proposed affine combination module, our model gains the capacity to disentangle
regions required to be edited and regions needed to be preserved. Also, to generate
new contents semantically matching the given text, the paired data S and I can serve
as explicit supervision.

Moreover, to prevent the model from learning an identity mapping and to promote
the model to learn a good (S → I) mapping in the regions relevant to the given text,
we propose the following training schemes. Firstly, we introduce a regularization term
Lreg as Eq. (4.10) in the generator objective to produce a penalty if the generated
image becomes the same as the input image. Secondly, we choose to early stop the
training when the model achieves the best trade-off between the generation of new
visual attributes aligned with the given text descriptions and the reconstruction of
text-irrelevant contents existing in the original images. The stop criterion is determined
by evaluating the model on a hold-out validation and measuring the results by our
proposed image manipulation evaluation metric, called manipulative precision (see
Fig. 4.13), which is discussed in Section 4.2.3.
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4.2.3 Experiments

Table 4.2: Quantitative comparison: Inception score (IS), text-image similarity (sim),
L1 pixel difference (diff), and manipulative precision (MP) of state-of-the-art ap-
proaches and ManiGAN on the CUB and COCO. “w/o ACM” denotes without the
affine combination module. “w/ Concat.” denotes using concatenation method to
combine hidden and image features. “w/o main” denotes without main module. “w/o
DCM” denotes without detail correction module. For IS, similarity, and MP, higher is
better; for pixel difference, lower is better.

CUB COCO

Method IS sim diff MP IS sim diff MP

SISGAN 2.24 .045 .508 .022 3.44 .077 .442 .042
TAGAN 3.32 .048 .267 .035 3.28 .089 .545 .040
Ours w/o ACM 4.01 .138 .491 .070 5.26 .121 .537 .056
Ours w/ Concat. 3.81 .135 .512 .065 13.48 .085 .532 .039
Ours w/o main 8.48 .084 .235 .064 17.59 .080 .169 .066
Ours w/o DCM 3.84 .123 .447 .068 6.99 .138 .517 .066
Ours 8.47 .101 .281 .072 14.96 .087 .216 .068

Our model is evaluated on the CUB bird (Wah et al., 2011) and more complicated
COCO (Lin et al., 2014) datasets, comparing with two state-of-the-art approaches
SISGAN (Dong et al., 2017) and TAGAN (Nam et al., 2018) on image manipulation
using natural language descriptions.

Implementation. In our setting, we train the detail correction module (DCM)
separately from the main module. Once the main module has converged, we train the
DCM subsequently and set the main module as the eval mode. There are three stages
in the main module, and each stage contains a generator and a discriminator. We
train three stages at the same time, and three different-scale images 64× 64, 128×
128, 256× 256 are generated progressively.

The main module is trained for 600 epochs on CUB and 120 epochs on COCO
using the Adam optimizer (Kingma and Ba, 2014) with the learning rate 0.0002, and
β1 = 0.5, β2 = 0.999. As for the detail correction module, there is a trade-off between
the generation of new attributes corresponding to the given text and the reconstruction
of text-irrelevant contents of the original image. Based on the manipulative precision
(MP) values (see Fig. 4.13), we find that training 100 epochs for CUB, and 12 epochs
for COCO to achieve an appropriate balance between generation and reconstruction.
The other training setting is the same as in the main module. The hyperparameter
controlling Lreg in Eq. (4.10) is set to 1 for CUB and 15 for COCO.
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Figure 4.13: Text-image similarity (sim), L1 pixel difference (diff), and manipulative
precision (MP) values at different epochs on the CUB (top) and COCO (bottom)
datasets. We suggest to stop training the DCM module when the model gets the
highest MP values shown in the last column.

Manipulative precision metric. Image manipulation using natural language
descriptions should be evaluated in terms of both the generation of new visual attributes
from the given text, and the reconstruction of original contents existing in the input
image. However, existing metrics only focus on one aspect of this problem. For
example, the L1 Euclidean distance, Peak Signal-to-Noise Ratio (PSNR), and SSIM
(Wang et al., 2004) only measure the similarity between two images, while the cosine
similarity and the retrieval accuracy (Li et al., 2019a; Nam et al., 2018; Xu et al.,
2018) only evaluate the similarity between the text and the corresponding generated
image. Based on this, we contribute a new metric, called manipulative precision (MP),
for this area to simultaneously measure the quality of generation and reconstruction.
The metric is defined as

MP = (1− diff)× sim, (4.11)

where diff is the L1 pixel difference between the input image and the corresponding
modified image, sim is the text-image similarity, which is calculated by using pre-
trained text and image encoders (Xu et al., 2018) based on a text-image matching
score to extract global feature vectors of a given text description and the corresponding
modified image, and then the similarity value is computed by applying cosine similarity
between these two global vectors. Specifically, the design is based on the intuition
that if the manipulated image is generated from an identity mapping network, then
the text-image similarity should be low, as the synthetic image cannot perfectly keep
a semantic consistency with the given text description.
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Text
This bird is yellow with
a yellow belly, and has

a yellow beak.

A small bird with a red
belly, a red crown, and

black wings.
Zebra, dirt. Yellow bus. Evening. Sheep, dry

grass.

Original

SISGAN

TAGAN

Ours

Figure 4.14: Qualitative comparison of three methods on the CUB and COCO.

4.2.3.1 Comparison with State-of-the-Art Approaches

Quantitative comparison. As mentioned above, our model can generate high-quality
images compared with the state-of-the-art methods. To demonstrate this, we adopt
the Inception score (IS) (Salimans et al., 2016) as a quantitative evaluation measure.
Besides, we further adopt manipulative precision (MP) to evaluate manipulation results.
In our experiments, we evaluate the IS on a large number of manipulated samples
generated from mismatched pairs, i.e., randomly chosen input images manipulated by
randomly selected text descriptions.

As shown in Table 4.2, our method has the highest IS and MP values on both
the CUB and COCO datasets compared with the state-of-the-art approaches, which
demonstrates that (1) our method can produce high-quality manipulated results, and
(2) our method can better generate new attributes matching the given text, and also
effectively reconstruct text-irrelevant contents of the original image.

Qualitative comparison. Fig. 4.14 shows the visual comparison between our
ManiGAN, SISGAN (Dong et al., 2017), and TAGAN (Nam et al., 2018) on the
CUB and COCO datasets. It can be seen that both state-of-the-art methods are only
able to produce low-quality results and cannot effectively manipulate input images
on the COCO dataset. However, our method is capable of performing an accurate
manipulation and also keep a highly semantic consistency between synthetic images
and given text descriptions, while preserving text-irrelevant contents. For example,
shown in the last column of Fig. 4.14, SISGAN and TAGAN both fail to achieve an
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This bird
has a light
grey belly,
dark grey
wings and
head with a
red beak.
This bird

has a yellow
crown, blue
wings and a

yellow
belly.

Zebra,
green grass.

Yellow,
green, bus.

a: Text b: Original c: Ours w/o
ACM

d: Our w/
Concat.

e: Ours w/o
main module

f: Ours w/o
DCM

g: Ours

Figure 4.15: Ablation studies. a: given text describing the desired visual attributes; b:
input image; c: removing all ACMs and DCM, only concatenating image and text
features before feeding into the main module; d: using the concatenation method
to replace all ACMs; e: removing the main module and just training DCM only; f:
removing DCM and just training the main module only; g: our full model.

effective manipulation, while our model modifies the green grass to dry grass and also
edits the cow into a sheep.

Note that as birds have detailed descriptions (e.g., color for different parts), we
use a long sentence to manipulate them, while the descriptions for COCO are more
abstract and focus on categories, thus we use words (i.e., object + desired attributes)
to do manipulation for simplicity, which has the same effect as using a sentence.

4.2.3.2 Ablation Studies

Ablation experiments of the affine combination module. To better understand
what has been learned by our ACM, we ablate and visualize the learned feature maps
shown in Fig. 4.12. As we can see, without W , some attributes cannot be perfectly
generated (e.g., white belly in the first row and red head in the second row), and
without b, the text-irrelevant contents (e.g., background) are hard to preserve, which
verifies our assumption that W behaves as a regional selection function to help the
model focus on attributes corresponding to the given text, and b helps to complete
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missing text-irrelevant details of the original image. Also, the visualization of the
channel feature maps of W (v), h⊙W (v), and b(v) shown in the last three columns of
Fig. 4.12 validates the regional selection effect of the multiplication operation.

Effectiveness of the affine combination module. To verify the effectiveness of
the ACM, we use the concatenation method to replace all ACMs, which concatenates
hidden features h and regional features v along the channel direction, shown in
Fig. 4.15 (d). As we can see, with the concatenation method, the model generates
structurally different birds on CUB, and fails to do manipulation on COCO, which
indicates that it is hard for the concatenation method to achieve a good balance
between generation and reconstruction. The results on CUB is an example of the
generation effect surpassing the reconstruction effect, while results on COCO show the
domination of the reconstruction effect. In contrast, due to the regional selection effect
of ACM that can distinguish which parts need to be generated or to be reconstructed,
our full model synthesizes an object having the same shape, pose, and position as the
one existing in the original image, and also generates new visual attributes aligned
with the given text description.

Also, to further validate the effectiveness of ACM, we conduct an ablation study
shown in Fig. 4.15 (c). In “Our w/o ACM”, we fully remove ACM in the main module
and remove DCM as well. That is the main module without ACM, and we only
concatenate original image features with text features at the beginning of the model
and do not further provide additional original image features in the middle of the
model. This method is used in both state-of-the-art SISGAN (Dong et al., 2017) and
TAGAN (Nam et al., 2018). It can be seen that our model without ACM fails to
produce realistic images on both datasets. In contrast, our full model better generates
attributes matching the given text, and also reconstructs text-irrelevant contents
shown in (g). Table 4.2 also verifies the effectiveness of our ACM, as the values of IS
and MP increase significantly when we implement ACM.

Effectiveness of the detail correction module and main module. As shown
in Fig. 4.15 (f), our model without DCM misses some attributes (e.g., the bird missing
the tail in the second row, the zebra missing the mouth in the third row), or generates
new contents (e.g., new background in the first row, different appearance of the bus in
the fourth row), which indicates that our DCM can correct inappropriate attributes
and reconstruct text-irrelevant contents. Fig. 4.15 (e) shows that without main module,
our model fails to do image manipulation on both datasets, which just achieves an
identity mapping. This is mainly because the model fails to correlate words with
corresponding attributes, which has been done in the main module. Table 4.2 also
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illustrates the identity mapping, as our model without main module gets the lowest
L1 pixel difference value.

4.2.4 Conclusion

We have proposed a novel generative adversarial network for image manipulation,
called ManiGAN, which can semantically manipulate input images using natural
language descriptions. Two novel components are proposed: (1) the affine combination
module selects image regions according to the given text, and then correlates the
regions with corresponding semantic words for effective manipulation. Meanwhile, it
encodes original image features for text-irrelevant contents reconstruction. (2) The
detail correction module rectifies mismatched visual attributes and completes missing
contents in the synthetic image. Extensive experimental results demonstrate the
superiority of our method, in terms of both the effectiveness of image manipulation
and the capability of generating high-quality results.
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4.3 Memory-Driven Approach

In the previous two sections, we introduced two different approaches for text-to-
image generation. First, we presented an attention-based connection (as described in
Section 4.1), which allows the network to disentangle different visual attributes and
provides control over the generation of specific parts of the image. Then, we introduced
an affine-transformation-based connection (as discussed in Section 4.2) for text-guided
image manipulation, which effectively combines text and image information while
preserving text-irrelevant image details.

Building upon the success of fusing real images into the generation pipeline in text-
guided image manipulation (as shown in Section 4.2), we propose to also incorporate
real images into the generation pipeline for text-to-image generation. This approach
leverages the benefits of utilizing real image features to enhance the generation process.

A question arises: “How can we incorporate real images during inference without
requiring users to provide an image in the text-to-image generation task?” To address
this challenge, we propose a semi-parametric text-image correlation approach. This
approach involves constructing a memory bank to store candidate image features.
When given a text input, we retrieve the corresponding image features from the
memory bank and integrate them into the generation pipeline.

In the following sections, we provide an overview of the semi-parametric method
in the text-to-image generation task and introduce the basic background. We then
delve into the details of our proposed semi-parametric memory-driven approach.

4.3.1 Background of Semi-Parametric Method in Text-to-Image
Generation

At the time of writing this paper, significant progress has been made in text-to-image
generation with the development of generative adversarial networks (GANs) (Good-
fellow et al., 2014; Gauthier, 2015; Mirza and Osindero, 2014). These parametric
models, which utilize deep networks and their weights to represent realistic visual
appearances, have achieved impressive results on well-structured datasets that focus
on specific object classes, such as birds (Wah et al., 2011) and flowers (Nilsback and
Zisserman, 2008), when accompanied by detailed descriptions. However, there is still
ample room for improvement, as these approaches often struggle when applied to
more complex datasets containing diverse backgrounds and multiple objects, such
as COCO (Lin et al., 2014). The wide variety of objects, backgrounds, and scene
compositions in COCO poses a challenge for these approaches, making it difficult to
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capture intricate geometric structures and generate appearances that are consistent
with the given text semantics. As illustrated in Fig. 4.16, the baseline models can only
produce appearances that match the given semantics (e.g., black and white stripes for
a zebra), but the generated objects appear unrealistic and exhibit distorted shapes.

Moreover, these parametric approaches differ from earlier works in image synthesis
that relied on non-parametric techniques, which could leverage large datasets of images
during the inference stage (Chen et al., 2009; Hays and Efros, 2007; Isola and Liu,
2013; Zhu et al., 2015; Lalonde et al., 2007). While parametric approaches offer the
advantages of end-to-end training and highly expressive models, they may overlook
the benefits of earlier non-parametric techniques, as they fail to harness the vast
amount of image data available at inference time. However, by incorporating real
images during inference, we can facilitate the generation process by providing valuable
information about the target images, such as their semantic characteristics (e.g., the
black and white appearance of a zebra or the rectangular shape of a bus).

In this section, we introduce a semi-parametric memory-driven approach for text-
to-image generation. This approach combines the strengths of both parametric and
non-parametric techniques. The non-parametric component consists of a memory bank
that stores image features extracted from a training set of real images. The parametric
component is a generative adversarial network. At inference, when given a description,
the memory bank is used to selectively retrieve relevant image features. These features
serve as foundational information, allowing the generator to directly incorporate cues
about the target images and produce realistic synthetic results. Further discussion on
this topic can be found in Section 4.3.2.2.

4.3.2 Memory-Driven Generative Adversarial Networks

In the following, we first show the overview of our entire network, and then give more
details about the proposed semi-parametric memory-driven approach, with a new
discriminator using content information.

4.3.2.1 Overview

Given a sentence S, our objective is to generate a synthetic image I ′ that is semantically
aligned with S. To achieve this, our semi-parametric approach is trained on a dataset of
paired text descriptions and real image features v, denoted as (S, v). The image features
v are extracted from real images using a pre-trained VGG-16 network (Simonyan and
Zisserman, 2014). These paired sets of text descriptions and image features (S, v)
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A zebra is
standing on the

grassy field.

A white and
blue bus is

driving down a
street.

Given Text StackGAN++ AttnGAN DF-GAN Ours

Figure 4.16: Examples of text-to-image generation on the COCO. Current approaches
only generate low-quality images with unrealistic objects. In contrast, our method can
produce realistic images, in terms of both visual appearances and geometric structure.

are used to construct a memory bank M . Each element in M represents an image
feature extracted from a training image and is associated with the corresponding
semantically-matched text descriptions from the training dataset.

At inference time, we are provided with a new text description S that was not
seen during training. We use S to retrieve semantically-aligned image features from
the memory bank M using matching algorithms. These retrieved image features v
and word embeddings w, which are encoded from the given text description S, are
then fed into the generator to synthesize an output image.

During the generation process, the generator has the ability to selectively choose
relevant semantic information from the retrieved image features v and fuse them with
hidden features to produce realistic images that are semantically aligned with S. This
allows the generator to incorporate specific visual details and attributes based on the
provided text description, resulting in more accurate and meaningful image synthesis.

The complete architecture is depicted in Fig. 4.17. In this architecture, we employ
a multi-stage approach (as described in Section 2.1.5), where the network progressively
generates images from coarse to fine scales.

Memory Bank Representation. The memory bank M contains a set of image
features v extracted from training images, and each image feature v is associated with
several matched text descriptions that are provided in the dataset, e.g., in COCO,
each image has five matched text descriptions. We also store these matched texts in
the memory bank, which are used in text-image matching algorithms, allowing a given
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Figure 4.17: Left: architecture of our proposed method. The red box indicates the
inference pipeline that retrieves image features from a memory bank according to
the given description S; during training, we directly feed image features from the
text-paired training image. z is a random vector drawn from the Gaussian distribution.
Right: architecture of the proposed discriminator with content information.

unseen text to better retrieve image features at inference time.
Retrieval. Given a new text description S, to retrieve the most compatible image

features from the memory bank M , we design several matching algorithms and also
explored the effectiveness of each algorithm. Basically, our retrieval algorithms are
based on the calculation of similarity between text features extracted from the given
text description and stored text and image features in the memory bank. We explore
three different ways to calculate the similarity: (1) matching between the given text
and stored texts, (2) matching between the given text and stored image features, and
(3) matching between the given text and stored text and image features. In each way,
we also explore the effectiveness of different levels of information, where text includes
sentence and word levels, and image includes global and regional levels.

4.3.2.2 Generator with Image Features

To incorporate image features into the generation pipeline, we start by applying
average pooling to v along each channel, which filters potential content details (such
as overall spatial structure) contained in v. This process yields a global image feature
vG that retains only the basic information of the corresponding real image I, serving
as the foundational image priors. By including vG in the generation process, the model
can effectively avoid simply copying and pasting from I, ensuring the diversity of
the generated output. This is particularly crucial in the first stage of the multi-stage
architecture, as subsequent stages focus on refining the initial images by adding more
details and improving their resolution. For instance, as illustrated in Fig. 4.17, the
synthetic image generated by the first stage (G1) establishes the fundamental structure
of the target image, encompassing attributes such as color, pose, and size of a train.
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Subsequent stages primarily concentrate on enhancing the quality and fine-grained
details of the train in the generated image.

However, only feeding the global image feature vG at the beginning of the network,
the model may fail to fully utilize the cues contained in the image features v. Thus,
we further incorporate the image features v at each stage of the network. The reason
to feed image features v rather than the global feature vG at the following stages
is that v contains more information about the desired output image, such as image
contents and geometric structure of objects, where these details can work as candidate
information for the main generation pipeline to select. To enable this regional selection
effect, we adopt the text-image affine combination module (ACM) (Li et al., 2020a),
which can selectively fuse text-required image information within v into the hidden
features h, where h is generated from the given text description S.

Why does the generator with image features work better? The generator’s
goal is to generate samples, such as images, that are indistinguishable from the
training distribution, which is based on real samples from the training dataset. By
incorporating image features from real images into the generator, it can draw cues
and information from the desired distribution it needs to generate. Furthermore, the
global feature vG and image features vD provide preliminary information about the
target results and act as candidate information, enabling the model to selectively
choose text-required information without having to generate it from scratch. This
simplifies the generation process and enhances the model’s ability to produce realistic
and accurate outputs. To some extent, the global feature vG can be considered as
the metadata of the target image, which may contain information about the type of
object to generate, such as zebra or bus. On the other hand, vD provides basic object
information, such as preserving the spatial structure of the zebra, including its four
legs and one head, in the generated images, as well as the rectangle shape for the bus,
by leveraging our proposed method.

4.3.2.3 Discriminator with Content Information

To further improve the discriminator to make a more reliable prediction, relative to
both visual appearances and geometric structure, we propose to incorporate content
information into it (i.e., image features are extracted from shallow layers of a neural
network). This is because, in a deep convolutional neural network, when the network
goes deeper, the less content details are preserved, including the exact shape of
objects (Gatys et al., 2016; Johnson et al., 2016). We think the loss of content
details may prevent the discriminator to provide fine-grained shape-quality-feedback
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to the generator, which may cause the difficulty for the generator to produce realistic
geometric structure. Also, Zhou et al. (2014a) showed that the empirical receptive
field of a deep convolutional neural network is much smaller than the theoretical one
especially on deep layers. So, using convolution operators with a local receptive field
only, the network may fail to capture the spatial structure of objects when the size of
objects exceeds the receptive field.

To incorporate content details, we propose to generate a series of image content
features, {a128, a64, a32, . . . , a4}, by aggregating different image regions via applying
pooling operators on the given real or fake features. The size of these content
features is from a128 ∈ RC×128×128 to a4 ∈ RC×4×4, where C represents the number of
channels, and the width and the height of the next image content features are 1/2

the previous one. Thus, the given image is pooled into representations for different
regions, from fine- (a128) to coarse-scale (a4), which can preserve content information
of different subregions, such as the spatial structure of objects. Then, these features
are concatenated with the corresponding hidden features on the channel-wise direction,
incorporating content information into the discriminator.

The number of different-scale content features can be modified, which is dependent
on the size of given images. These features aggregate different image subregions by
repetitively adopting fixed-size pooling kernels with a small stride. Thus, these content
features maintain a reasonable small gap for image information.

4.3.2.4 Training

The generator and discriminator are trained alternatively by minimizing the generator
loss LG and discriminator loss LD.

Generator Objective. The generator objective for training a generator at stage
i contains an unconditional adversarial loss, a conditional adversarial loss, and a
text-image matching loss LDAMSM (Xu et al., 2018), where unconditional loss checks
the image quality of output results, conditional loss checks the semantic alignment
between output images and the given texts, and LDAMSM is used to check whether
word-related image attributes are produced in synthetic images.

LGi
=−1

2
Ez∼Pz ,v∼Pdata [log(Di(Gi(z, S, v)))]︸ ︷︷ ︸

unconditional adversarial loss

−1

2
Ez∼Pz ,v∼Pdata [log(Di(Gi(z, S, v), S))]︸ ︷︷ ︸

conditional adversarial loss

+λLDAMSM,
(4.12)
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where Gi and Di represent the corresponding generator network and discriminator
network at stage i, respectively, S is the text description, v is the image features that
are extracted from the corresponding real image I that correctly semantically matches
S, where I is sampled from the true distribution Pdata, z is a noise vector drawn from
the Gaussian distribution Pz.

Thus, the complete objective function for training the generator networks is:

LG =
K∑
k=1

(LGi
), (4.13)

where K is the total number of stages in the network.
Discriminator Objective. The objective for training a discriminator at stage i

contains an unconditional adversarial loss and a conditional adversarial loss:

LDi
=−1

2
EIi∼Pdata [log(Di(Ii))]−

1

2
Ez∼Pz [log(1−Di(Gi(z, S, v)))]︸ ︷︷ ︸

unconditional adversarial loss

−1

2
EIi∼Pdata [log(Di(Ii, S))]−

1

2
Ez∼Pz [log(1−Di(Gi(z, S, v), S))]︸ ︷︷ ︸

conditional adversarial loss

,
(4.14)

where Ii denotes the real image sampled from the true image distribution Pdata at
stage i. The complete objective function for training the discriminator networks is:

LD =
K∑
k=1

(LDi
) +R1(ψ), (4.15)

where R1(ψ) is a regularization term described in the paper (Mescheder et al., 2018).
This regularization term is derived from zero-centered gradient penalties (Ross and
Doshi-Velez, 2017) on local stability, which penalizes the discriminator for deviating
from the Nash equilibrium. This ensures that when a GAN-based model converges
(i.e., the generator produces the true data distribution), the discriminator cannot
create a non-zero gradient orthogonal to the data manifold without suffering a loss in
the GAN game.

4.3.3 Experiments

To verify the effectiveness of our proposed method in realistic image generation from
text descriptions, we conducted extensive experiments on the CUB bird (Wah et al.,
2011) and the more complex COCO (Lin et al., 2014) dataset, where COCO contains
multiple objects with diverse backgrounds.
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Table 4.3: Quantitative comparison: IS, FID, R-precision, SOA-C, and SOA-I of
current methods and our approach on the CUB and COCO. CP-GAN, Obj-GAN, and
OP-GAN adopt additional bounding boxes in their methods.

CUB COCO

Method IS FID score R-precison IS FID score R-precison SOA-C SOA-I

Real Images 25.34 - 89.17 34.88 - 92.71 74.97 80.84

AttnGAN 4.36 23.98 67.82 25.89 32.32 85.47 25.88 39.01
ControlGAN 4.58 13.92 69.33 24.06 33.58 72.43 - -
MirrorGAN 4.56 - 57.67 26.47 - 74.52 - -
DM-GAN 4.75 16.09 72.31 32.32 32.64 88.56 33.44 48.03
DF-GAN 5.10 14.81 - - 21.42 - - -
XMC-GAN - - - 30.45 9.33 - 50.94 71.33
LAFITE 5.97 10.48 - 32.34 8.12 - 61.09 74.78

DALL-E - - - - ∼20 - - -
GLIDE - - - - 12.89 - - -
CP-GAN - - - 52.73 55.82 93.59 77.02 84.55
Obj-GAN - - - 30.29 36.52 87.84 27.14 41.24
OP-GAN - - - 27.88 24.70 89.01 35.85 50.47

Ours 5.91 10.49 73.87 29.36 19.47 90.32 47.46 65.83

Implementation. There are three stages in the model, and each stage has a
generator network and a discriminator network. The number of stages can be modified,
which depends on the resolution of the output image. We utilize a deep neural network
layer relu5_3 of a pre-trained VGG-16 to extract image features v, which is able to
filter content details in I and keep more semantic information. In the discriminator,
the number of different-scale image content features can be adjusted based on the
size of the input image. A pooling operation with a small stride (stride = 2) and the
same-size pooling kernel is applied to the image features. The pooling operation used
in this case is average pooling. The resolution of synthetic results is 256× 256. Our
method and its variants are trained on a single Quadro RTX 6000 GPU, using the
Adam optimizer with the learning rate 0.0002. We preprocess both datasets according
to the method used in Xu et al. (2018). Note that No attention module is implemented
in the whole architecture.

4.3.3.1 Comparison with Other Approaches

Quantitative comparison. The results are shown in Table 4.3. Compared to pure
parametric approaches with a similar architecture, our method achieves competitive
FID and R-precision scores on both datasets, and even has a better performance
than OP-GAN, where OP-GAN adopts bounding boxes. This indicates that (1)
our method can produce realistic images from given text descriptions, in terms of
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A stop sign 
on a wooden 
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of trees.

A yellow and 
green train is 

traveling 
through a 
station.

Retrieved Image  
Features

A pizza with 
cheese and 
green herbs 

on it.

A red double 
decker bus 

driving down a 
street.

Synthetic  
Results

Given Sentence A clock that 
is on the side 

of a tower.
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a lamp and a 

bed with 
white sheets 

on it.

A zebra 
walking in an 
open grassy 

field.

This bird has 
a short beak, 
with a blue 
head, and a 
white belly.

A yellow bird 
has brown 

wings, and a 
yellow belly.

Figure 4.18: Qualitative results on the CUB and COCO: in the top row is the given
sentences; middle row: the image features extracted from the memory bank M (we
use corresponding images to represent the image features for a better visualization);
bottom row: the synthetic results.
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DF-GAN

AttnGAN

Ours

A red and 
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shown on the 
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train station.

An open laptop 
computer 
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of a table.
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with a white 
toilet with 
the seat up.

Figure 4.19: Qualitative comparison on the COCO.

image quality and diversity, and (2) synthetic results produced by our method are
semantically aligned with the given text descriptions. Compared to the large-scale
CLIP-based (Radford et al., 2021) method LAFITE and GLIDE, transformer-based
method DALLE, and contrastive-learning-based XMC-GAN, our approach achieves a
competitive performance on CUB bird and COCO, reflected by the scores on different
evaluation metrics. Although CP-GAN achieves higher IS and SOA scores, both our
FID and visual inspection of randomly selected images indicate that our image quality
is much higher than CP-GAN’s. This may be due to the issue that IS and SOA
do not penalize intra-class mode dropping (low diversity within a class) — a model
that generates one “perfect” sample for each class can achieve good scores on IS and
SOA (Hinz et al., 2019; Li et al., 2019b; Zhang et al., 2021).

Qualitative comparison. In Fig. 4.18, we present synthetic examples produced
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A yellow and 
green train is 

traveling through 
a station.

A red double 
decker bus driving 

down a street.

A yellow bird has 
brown wings, and 

a yellow belly.

Figure 4.20: Diversity. The top row shows the fixed sentence and the image providing
image features. The bottom presents diverse synthetic images produced by solely
changing the value of noise vector z.

by our method at 256 × 256, along with the corresponding retrieved images that
provide image features. As we can see, our method can produce high-quality results
on CUB and COCO, with respect to realistic appearances and geometric structure,
and also semantically matching the given text descriptions. Besides, the synthetic
results are different from the retrieved image features, which indicates that there is no
significant copy-and-paste problem in our method.

Diversity evaluation. To further evaluate the diversity of our method, we fix
the given text description and the corresponding retrieved image features, and only
change the given noise z to generate output images, shown in Fig. 4.20. When we
fix the sentence and image features and only change the value of noise, our method
can generate obviously different images with different object location, pose, and
background, but they still semantically match the given sentence and also make use
of information from the image features, where there are some similarity between the
real image and synthetic image.

Semantic information exploration. Here, we further verify whether our method
suffers from a copy-and-paste problem, according to explore whether our method can
make use of semantic information contained in the retrieved image features. To verify
this, instead of extracting image features from RGB images, we use segmentation
masks to provide semantic image features, shown in Fig. 4.21. As we can see, although
there is no content information provided in the given segmentation masks, our method
is still able to generate realistic images, which indicates that our method can make
use of semantic information contained in the image features, instead of simply copying
and pasting the retrieved image features to produce output images.
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A zebra is walking 
in an open grassy 

filed.
A zebra is grazing 

on green grass.
A bus is driving 
down a street.

A bus is parking on 
the side of the road.

Image Features

Synthetic Results

Given Sentence

Figure 4.21: Semantic information exploration. Top row: given sentences; middle row:
image features, represented by the corresponding segmentation masks for a better
visualization; bottom row: synthetic images.

4.3.3.2 Component Analysis

Effectiveness of the image features. To understand the effectiveness of image
features in the generator, we conduct an ablation study, shown in Table 4.4. Without
image features, the model “Ours w/o Feature” achieves worse quantitative results on
both FID and R-precision compared with the baseline, which verifies their effectiveness
on high-quality image generation.

Interestingly, without incorporating image features, our method becomes a tra-
ditional text-to-image generation approach, similar to other baselines. Surprisingly,
the FID score of our method without image features, denoted as “Ours w/o Feature”
remains competitive with other baselines. This suggests that our method can generate
high-quality and diverse synthetic images even without the utilization of image features.
We attribute this performance to our improved discriminator, which benefits from
the content information and enables more accurate predictions on complex datasets.
Consequently, the generator is encouraged to produce better synthetic images.

Effectiveness of the fully connected layers. Here, we show the effectiveness of
the fully connected layers (FCLs) applied on the image features v. Interestingly, from
Table 4.4, the “model w/o FCLs” achieves better FID and R-precision compared with
the baseline. This is likely because the model may suffer from an identity mapping
problem. To verify this identity mapping problem, we conduct another experiment,
where we feed the mismatched sentence and image pairs into the network without
using search algorithms, denoted “model w/o FCLs*”. As we can see, on mismatched
pairs, although FID is still low, the R-precision degrades.
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Table 4.4: Ablation studies: “Ours w/o Feature” denotes without feeding image features
into the generator, “Ours w/o FCLs” denotes without using the fully connected layers,
“Ours w/o FCLs*” is for mismatched pairs, “Ours w/o Content” denotes without
incorporating content information into the discriminator, “Ours w/o Reg.” denotes
without using the regularization in the discriminator, “Ours w/ Max” denotes using
maximum pooling to extract content information, and “Ours w/ Aver” denotes using
average pooling.

Method FID R-psr

Ours w/o Feature 22.20 84.63
Ours w/o FCLs 18.82 92.17
Ours w/o FCLs* 18.80 67.05
Ours w/o Content 20.96 88.95
Ours w/o Reg. 27.12 82.97

Ours w/ Max 26.12 83.11
Ours w/ Aver (Full Model) 19.47 90.32

Content information. In Table 4.4, FID and R-precision degrade when the
discriminator does not adopt the content information. This may indicate that content
information can effectively strengthen the differentiation abilities of the discriminator.
Then, the improved discriminator can provide the generator with fine-grained training
feedback, regarding geometric structure, thus facilitating training a better generator
to produce higher-quality synthetic results.

Comparison between different pooling types. In Table 4.4, as we can see, the
model with average pooling works better than max pooling. We think that this is likely
because max pooling fails to capture contextual information between neighboring
pixels, because it only picks the maximum value among a region of pixels, while
average pooling calculates the average value between them.

Effectiveness of the regularization. From Table 4.4, the model without the
regularization has worse quantitative results, compared with the full model. This is
because the regularization effectively improves GAN convergence by preventing the
generator from training on junk feedback, once the discriminator cannot easily tell
the difference between real and fake.

4.4 Conclusion

We have introduced a memory-driven semi-parametric approach to text-to-image gen-
eration, which utilizes large datasets of images at inference time. Also, an alternative
architecture is proposed for both the generator and the discriminator. Extensive
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experimental results demonstrate the effectiveness of feeding real image features into
the generator and incorporating content information into the discriminator.

The proposed semi-parametric approach has introduced an alternative way to
enable an effective interaction between multi-modal information, especially achieving
an transformation from one domain to the other. Instead of only focusing on directly
achieving the cross-domain transformation, our approach shows a promising direction
by feeding target real information at the middle of generation pipeline to provide the
cues of desired objects and attributes, allowing the generation pipeline to selectively
choose required information to eases the whole generation process.
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Chapter 5

Lightweight Architecture for
Multi-Modal Generative Model

Once a consistent representation of semantically related information is established
and effective interaction between modalities is achieved, reducing the implementation
cost becomes a crucial challenge. In this chapter, the main focus is on developing a
lightweight network for a model that integrates inputs from different modalities. To
achieve this, two approaches are proposed: (1) improving the network’s capabilities to
better capture the correlation between multi-modal information, rather than blindly
increasing its size. This involves enhancing the model’s ability to extract and integrate
relevant features from different modalities, while keeping the network architecture
efficient and compact, and (2) redesigning the architecture of different components in
the generative model to reduce redundancy. This includes identifying and eliminating
unnecessary or redundant components or operations, optimizing the computational
efficiency, and streamlining the overall architecture without compromising the model’s
performance. By employing these approaches, the aim is to strike a balance between
model complexity and performance, ultimately creating a lightweight network that
efficiently handles multi-modal inputs while achieving high-quality results.

5.1 Improving Capabilities of the Network

In this section, our main focus is on enhancing the capabilities of a generative model,
enabling it to have a lightweight architecture while maintaining competitive perfor-
mance compared to heavier networks. We will begin by introducing the background of
lightweight architecture in the context of text-guided image manipulation introduced
in Section 2.5.3, before delving into the specific details of how we can improve the
capabilities of the network.
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Top: A red bird has black eye rings and black wings, with a red crown and a red belly. 
Bottom: Vase, red flowers. 

(a) Original Image (d) ManiGAN(c) TAGAN(b) SISGAN (e) ManiGAN* (f) Ours

Figure 5.1: Examples of image manipulation using natural language descriptions are
shown, demonstrating the effectiveness of our lightweight architecture in accurately
matching the input images to the descriptions. The abbreviation “ManiGAN*” indi-
cates that we have reduced the number of stages and parameters in the model.

5.1.1 Background of Lightweight Architecture in Text-Guided
Image Manipulation

The goal of this section is to investigate a lightweight architecture of the generative
network for text-guided image manipulation, as most current methods require a large
memory and need a lot of time for training and inference, which is less practical to
memory-limited devices, such as mobile phones. To achieve this, simply reducing
the number of stages and parameters in ManiGAN proposed in Section 4.2 cannot
achieve a satisfactory result, shown in Fig. 5.1 (e). As we can see, compared with the
original ManiGAN (d), the image quality of synthetic results drops significantly as
both images are obviously blurred. Also, the manipulation ability of this lightweight
ManiGAN becomes worse, because more regions (e.g., sky and branches) are colored
red. After a close investigation, we find that the discriminator used in ManiGAN
fails to provide the generator with fine-grained training feedback related to each word
(i.e., whether the network has successfully generated the image attributes related to
all words in the text), because it only calculates the similarity between the whole
text and image features. Due to the coarse supervisory feedback from discriminators,
the network needs to have a heavy structure with a large number of parameters, to
build an accurate relation between visual attributes and corresponding semantic words
to achieve an effective manipulation, which greatly impedes the construction of a
lightweight architecture. Additionally, even in the ManiGAN, poor training feedback
prevents the model from completely disentangling different visual attributes, resulting
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Figure 5.2: Top: architecture of our model. Inception-v3 and VGG-16 denote image
features are extracted by the corresponding image encoder. Bottom: the design of our
word-level discriminator.

in an incorrect mapping between attributes and their corresponding semantic words.
As a result, some text-irrelevant contents may be changed. For example, as shown in
Fig. 5.1 (d), the branch is colored red, and the background of the vase is also modified.

Based on this, we propose a new word-level discriminator along with explicit
word-level supervisory labels, which can provide the generator with detailed training
feedback related to each word, to facilitate training a lightweight generator that has
a small number of parameters but can still effectively disentangle different visual
attributes, and then correctly map them to the corresponding semantic words. Besides,
thanks to our powerful discriminator to provide explicit word-level training feedback,
our network can be simplified to have only a generator network and a discriminator
network, and we can even further reduce the number of parameters in the whole model
by having a lightweight architecture, without sacrificing much image quality, which is
more friendly to memory-limited devices.
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5.1.2 Lightweight Generative Adversarial Networks for Image
Manipulation

To achieve effective text-guided image manipulation while maintaining a lightweight
network, we propose a novel word-level discriminator that enables a lightweight
architecture. The complete architecture is depicted in Fig. 5.2 (a). In contrast to
the architectures proposed in previous sections, the lightweight architecture consists
of only a generator and a discriminator. By utilizing a word-level discriminator, we
focus on the discriminative power at the word level, allowing for a more efficient and
lightweight design. This approach aims to capture the semantic alignment between
the generated images and the given text description without the need for additional
complex components or heavy computational requirements.

5.1.2.1 Word-Level Discriminator

Although several studies have worked on discriminators at the time of writing this
paper, the text-adaptive discriminator (Nam et al., 2018) suffers from the loss of
important spatial information in images due to the global average pooling layer. On
the other hand, the discriminator proposed in Section 4.1 overlooks word information
within text features by directly implementing cosine similarity between the entire
text and image features. To address these limitations, we propose a novel word-level
discriminator that fully explores the word-level information contained in text features.

5.1.2.2 Word Labelling

To fully explore the word-level information, we label each word in the description using
part-of-speech tagging (Bird et al., 2009), which marks up each word to a particular
part of speech (e.g., noun, verb, adjective, etc.), based on its definition and context.
Then, we create a target label l having the same length as the number of words in the
sentence, where each noun and adjective is set to 1 and others to 0. This target
label l is used to calculate the loss function (Eq. 5.3) as word-level training feedback.
This is achieved by creating an auxiliary classification task that evaluates whether
image attributes related to nouns and adjectives are generated in the synthetic images.

Discussions. Given an image, the main observable components are objects and
their corresponding visual attributes, which correspond to nouns and adjectives in
the description, respectively. The goal is to disentangle the different visual attributes
present in the image and establish an accurate relationship between these visual
attributes and their corresponding semantic words. The model only needs to identify
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the category of objects and their visual attributes and map them to the corresponding
semantic words (nouns and adjectives) to establish a correct relationship. Also, there
is no need to retain potential logical relationships (such as relative position) contained
in the pronoun or verb, as this information is already present in the input image.

5.1.2.3 Discriminator Providing Word-Level Training Feedback

Our novel word-level discriminator takes two inputs: (1) the image features v and v′

encoded by the pre-trained Inception-v3 (Szegedy et al., 2016) image encoder from the
input and modified images I and I ′, respectively, and (2) the word features w ∈ RC×L

encoded by a pre-trained text encoder introduced in Section 4.1 from the given text
description S, where C is the feature dimension, and L is the number of words in S.

Following Section 4.1, for simplicity, we use v ∈ RC×(H∗W ) to represent both real
image features and synthetic image features. First, we compute the word-region
correlation matrix m ∈ RL×(H∗W ) via m = wTv, which contains the information for
all pairs of words in the description S and regions of the image I (or I ′). Then,
we normalize the word-region correlation matrix on both L and H ∗W dimensions
sequentially using the following equations:

αi,j =
exp(mi,j)∑L−1

k=0 exp(mk,j)
, βi,j =

exp(αi,j)∑(H∗W )−1
k=0 exp(αi,k)

, (5.1)

where βi,j represents the probability value that the ith word is relevant to the jth

region of the image. Then, the word-weighted image features n ∈ RC×L can be derived
via n = vβT , where ni,j represents the sum of image features at the ith channel, and
each spatial region at the ith channel is weighted by the jth word in the description.
Next, we further sum the word-weighted image features n at the C dimension to get
n′ ∈ RL, and normalize n′ by the softmax function:

δi =
exp(n′

i)∑L−1
k=0 exp(n

′
k)

, (5.2)

where δi reflects the correlation between the ith word and the whole image. That is, it
represents the chance that ith-word-related visual attributes exist in the image. Thus,
the word-level feedback used to train the generator can be calculated using Eq. 5.3:

Lword(I, S) = BCE(δ, l), (5.3)

where BCE denotes binary cross-entropy, and l is the target label (see Section 5.1.2.2).
By doing this, the discriminator provides the generator with explicit fine-grained
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training feedback at word-level by examining whether word-related image attributes
are generated in the synthetic image. This helps to disentangle different words in the
sentence and visual attributes in the image, and enables an independent modification
of each image regions according to the text descriptions. There are no trainable
parameters in our word-level discriminator, and the implementation of it does not
affect the context of the general description, as the objective functions have included
the full sentence (S) as conditional adversarial losses to convey a rich context of text,
ensuring that the generated images align with the semantic meaning of the sentence.

5.1.2.4 Generator of the Lightweight Architecture

Thanks to our word-level discriminator providing fine-grained training feedback related
to each word, we are able to build a lightweight generator with a simple structure, as
shown in Fig. 5.2. The generator consists of a text encoder, image encoders providing
two different image features, and a series of upsampling and residual blocks, where
the text encoder is a pre-trained bidirectional RNN (Xu et al., 2018), and the image
encoders are pre-trained Inception-v3 (Szegedy et al., 2016) and VGG-16 (Simonyan
and Zisserman, 2014) networks, respectively.

First, the generator encodes the input image I into image features using the
Inception-v3 network, and then concatenates them with text features, encoded by
the text encoder from the description S. Next, the image-text features are fed into a
series of upsampling and residual blocks, followed by an image generation network to
produce the modified result with the desired resolution.

We adopt conditioning augmentation (Zhang et al., 2017a) to smooth text repre-
sentations, and text-image affine combination module (ACM) proposed in Section 4.2
to fuse text and image features. Note that for the last ACM, we use the VGG-16
network to extract image features, which contains more content details, helping rectify
inappropriate attributes and complete missing contents. Besides, spatial attention
(Xu et al., 2018) and channel-wise attention proposed in Section 4.1 are applied.
Following ControlGAN (see Section 4.1), perceptual loss (Johnson et al., 2016) is
adopted to reduce the randomness involved in the generation process and to help
preserve text-irrelevant contents:

Lper(I
′, I) =

1

CiHiWi

∥ϕi(I
′)− ϕi(I)∥22 , (5.4)

where I is the input image, I ′ is the modified result, ϕi(I) is the activation of the ith

layer of a pre-trained VGG-16 network, Ci is the number of channels, and Hi and Wi

are the height and width of the feature map, respectively.
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Why do we use two different image encoders? The image features extracted
by the deeper Inception-v3 network are more semantic, as they primarily capture
basic information of the input image, such as the layout, category, and rough shape
of objects. These features are easier to interact with corresponding semantic words,
enabling effective manipulation. Therefore, we utilize these coarse image features at
the beginning and middle of the network to enhance the manipulation ability.

In contrast, the image features extracted by the shallower VGG-16 network contain
numerous content details. These details may lead the generator to simply reconstruct
the input image and limit the generation of new attributes specified in the text
description. Consequently, we utilize these informative details towards the end of the
model to correct modified text-irrelevant attributes and complete missing contents.

5.1.2.5 Objective Functions

Only a pair of generator and discriminator exists in our model, and we train the
generator and the discriminator alternatively by minimizing both the generator loss
LG and the discriminator loss LD. Following ManiGAN, we use paired data (I, S) → I

to train our model, where S is the text description matching the image I.
Generator Objective. The complete generator objective consists of unconditional

and conditional adversarial losses, a perceptual loss Lper (Eq. 5.4), a word-level training
loss Lword (Eq. 5.3), and a text-image matching loss LDAMSM.

LG =−1

2
EI′∼PG

[log(D(I ′))]︸ ︷︷ ︸
unconditional adversarial loss

−1

2
EI′∼PG

[log(D(I ′, S))]︸ ︷︷ ︸
conditional adversarial loss

+ λ1Lper(I
′, I) + λ2Lword(I

′, S) + λ3LDAMSM,

(5.5)

where I is the real image sampled from the true image distribution Pdata, I ′ is
the generated image sampled from the model distribution PG, λ1, λ2, and λ3 are
hyperparameters controlling different losses, and LDAMSM (Xu et al., 2018) measures
the text-image matching score based on the cosine similarity.

Discriminator Objective. The complete discriminator objective is defined as:

LD =−1

2
EI∼Pdata [log(D(I))]− 1

2
EI′∼PG

[log(1−D(I ′))]︸ ︷︷ ︸
unconditional adversarial loss

−1

2
EI∼Pdata [log(D(I, S))]− 1

2
EI′∼PG

[log(1−D(I ′, S))]︸ ︷︷ ︸
conditional adversarial loss

+ λ4(Lword(I, S) + Lword(I
′, S)),

(5.6)
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Text

A bird with black eye
rings and a black bill,
with a brown crown
and a brown belly.

This bird has a white
belly, a white crown,

and white wings.

A bird is orange and
black in color, with a
blue crown and black

eye rings.

This bird has a black
head and a yellow

belly.

Original

ManiGAN

Ours

Figure 5.3: Qualitative comparison of two methods on the CUB.

where λ4 is a hyperparameter. Note that the target label for this Lword(I
′, S) is set to

0 for all words.

5.1.3 Experiments

Table 5.1: Quantitative comparison: Fréchet inception distance (FID), accuracy, and
realism of the state of the art and our method on the CUB and COCO. “w/o Dis.”
denotes without implementing proposed word-level discriminator. “w/ TAD” denotes
using the text-adaptive discriminator (Nam et al., 2018) instead of our word-level
discriminator. “w/ CD” denotes implementing the word-level discriminator introduced
in ControlGAN. For FID, lower is better; for accuracy and realism, higher is better.

CUB COCO

Method FID Accuracy Realism FID Accuracy Realism

ManiGAN 9.75 34.06 42.18 25.08 22.03 32.47
Ours 8.02 65.94 57.82 12.39 77.97 67.53

Ours w/o Dis. 9.20 - - 15.60 - -
Ours w/ TAD 8.84 - - 14.95 - -
Ours w/ CD 8.72 - - 13.68 - -

We evaluate our model on the CUB bird (Wah et al., 2011) and more complicated
COCO (Lin et al., 2014) datasets, comparing with ManiGAN introduced in Section 4.2,
which also focuses on text-guided image manipulation. Results for the method are
reproduced using the code released by the authors.

Implementation. The scale of the output images is 256 × 256, but the size is
adjustable to satisfy users’ preferences. Similarly to ManiGAN, there is a trade-off
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Table 5.2: Quantitative comparison: number of parameters in generator (NoP-G) and
discriminator (NoP-D), runtime per epoch (RPE), and inference time for generating
100 new modified images (IT) of the state of the art and our method on the CUB and
COCO. “Ours*” is the smallest number of parameters our model can have without
significantly sacrificing image quality. For all evaluation matrices, lower is better. All
methods are benchmarked on a single Quadro RTX 6000 GPU.

CUB COCO

Method NoP-G NoP-D RPE (h) IT (s) NoP-G NoP-D RPE (h) IT (s)

ManiGAN 41.1M 169.4M 0.138 2.470 53.3M 377.6M 1.992 4.485
Ours 18.5M 71.8M 0.089 0.425 30.1M 160.7M 1.475 0.718

Ours* 5.4M 1.6M 0.058 0.356 7.4M 3.5M 0.760 0.445

Text
Giraffe,
green
grass.

Pizza,
cheese,
tomato
source.

Red bus.
Brown

horse, dirt
field.

Stop sign,
dark night.

White
black

photo, vase.

Black
airplane.

Boat, dirt
ground.

Original

ManiGAN

Ours

Figure 5.4: Qualitative comparison of two methods on the COCO.

between the generation of new attributes matching the text description and the
preservation of text-irrelevant contents of the original image. Therefore, based on the
manipulative precision (MP) proposed in Section 4.2, the whole model is trained 100
epochs on CUB and 10 epochs on COCO using the Adam optimizer (Kingma and Ba,
2014) with learning rate 0.0002. The hyperparameters λ1, λ2, λ3, and λ4 are all set to
1 for both datasets.

5.1.3.1 Comparison with State of the Art

Quantitative comparison. To evaluate the quality of synthetic images, the Fréchet
inception distance (FID) (Heusel et al., 2017) is adopted as a quantitative evaluation
measure. Also, to better verify the manipulation performance of our method, we
conducted a user study. For each dataset, we randomly selected 30 images with
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randomly chosen description (for COCO, each text-image pair is from the same
category). Thus, there are in total 60 samples from two datasets for each method.
Then, we asked workers to compare two results after looking at the input image, given
text and outputs based on two criteria: (1) accuracy: whether the modified visual
attributes of the synthetic image are aligned with the given description, and text-
irrelevant contents are preserved, and (2) realism: whether the modified image looks
realistic. Finally, we collected 1380 results from 23 workers, shown in Table 5.1. Besides,
to evaluate the efficiency, we record the runtime for training a single optimization
epoch (RPE) and the inference time (IT) for generating 100 new modified images. In
the experiments, FID is evaluated on a large number of modified samples produced
from mismatched pairs, i.e., randomly chosen input images edited by randomly selected
text descriptions.

As shown in Table 5.1, compared with the state of the art, our method achieves
better FID values on both CUB and COCO datasets, and both the accuracy and the
realism show that our results are most preferred by workers. Besides, as shown in
Table 5.2, the RPE and IT of our method are obviously smaller, and our method also
has a much smaller number of parameters in both the generator and the discriminator
when it has similar settings (e.g., size of hidden features) as the ManiGAN. Moreover,
thanks to our powerful discriminator, we can even further reduce the number of
parameters without sacrificing significant image quality. Table 5.2 “Ours*” records the
smallest number of parameters that our model can have without significantly affecting
the performance. Also, Fig. 5.5 plots the FID values corresponding to a different
number of parameters in the generator and the discriminator.

This indicates that (1) our method can produce high-quality modified results with
good diversity, (2) synthetic images are highly aligned with the given descriptions,
while effectively preserving other text-irrelevant contents, and (3) our method is more
friendly to memory-limited devices without sacrificing image quality.

Qualitative comparison. Figs. 5.3 and 5.4 show visual comparisons between
ManiGAN and our method on CUB and COCO. As we can see, ManiGAN fails to
produce satisfactory modified results on both datasets, and text-irrelevant contents
are also changed. For example, in Fig. 5.3, the ManiGAN colors the branch using the
color of bird, and in Fig. 5.4, it produces distorted objects (e.g., giraffe and pizza),
and even fails to produce required attributes (e.g., color of airplane and style of the
vase). We think the less satisfactory performance of ManiGAN is mainly because the
discriminator fails to provide fine-grained training feedback related to each word.
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Figure 5.5: Fréchet inception distance (FID) at different numbers of parameters in
the generator (or discriminator) when the number of parameters in the discriminator
(or generator) is fixed. (a) and (b) are evaluated on the CUB dataset, and (c) and
(d) are evaluated on the COCO dataset. In (a), the number of parameters in the
discriminator is fixed at 71.8M; in (b), the number of parameters in the generator is
fixed at 5.4M; in (c), the number of parameters in the discriminator is fixed at 160.7M;
and in (d), the number of parameters in the generator is fixed at 7.4M.

5.1.3.2 Component Analysis

Effectiveness of the word-level discriminator. To verify the effectiveness of
our proposed word-level discriminator, we conducted an ablation study shown in
Figure 5.6 (c). As we can see, without the proposed word-level discriminator, the
model fails to achieve effective manipulation on both datasets. For example, the
model cannot produce a yellow head and a yellow belly of the bird, and branches
are colored red and black as well. This indicates that due to the lack of word-level
training feedback, the generator fails to disentangle different visual attributes and
cannot build an appropriate word-region connection to achieve effective modification.
Furthermore, FID values shown in Table 5.1 further verify the effectiveness of our
proposed discriminator, as the values deteriorate significantly when the model does
not implement the proposed word-level discriminator.

Comparison between different word-level discriminators. To verify the
superiority of our word-level discriminator, we conducted a comparison study between
the text-adaptive discriminator (Nam et al., 2018), the word-level discriminator
introduced in ControlGAN (see Section 4.1), and our word-level discriminator, shown
in Fig. 5.6 (d) and (e). The model with the text-adaptive discriminator (d) changes
text-irrelevant contents (e.g., the background), which is mainly due to the loss of spatial
information in the discriminator. Also, the model with the word-level discriminator
introduced in ControlGAN (e) fails to produce the required attributes (e.g., the red
bird without yellow parts and the zebra without the blue sky), and some contents that
are not described in the text are modified as well (e.g., the white and black branch),
which is mainly caused by the coarse training feedback provided by the discriminator.
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A red bird has a
yellow head and
a yellow belly

with a red
crown.

This bird has a
black head,

black wings and
a white belly.

White bus.

Zebra, green
grass, green

tree, blue sky.

a: Text b: Original c: Ours w/o Dis. d: Ours w/ TAD e: Ours w/ CD f: Ours

Figure 5.6: Ablation and comparison studies. a: text description with desired visual
attributes; b: input image; c: removing the proposed word-level discriminator; d:
replacing our discriminator with the text-adaptive discriminator (Nam et al., 2018); e:
replacing our discriminator with the word-level discriminator used in ControlGAN
proposed in Section 4.1 f: our full model.

Visualization of attention maps. To verify the effectiveness of our word-level
discriminator, we visualize attention maps produced by models with/without different
word-level discriminators, as shown in Fig. 5.7. We can observe that the model with
our proposed word-level discriminator can generate a better spatial attention map
with more accurate locations, finer shapes aligned with objects, and better semantic
consistency between visual attributes and corresponding words. On the contrary,
models with the other two word-level discriminators fail to generate appropriate
attention maps or only produce coarse attention maps in the wrong location.

5.1.4 Conclusion

We have proposed a novel and powerful word-level discriminator along with explicit
word-level supervisory labels, which can provide the generator with fine-grained train-
ing feedback related to each word, and thus enable the construction of a lightweight
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Ours w/o Dis.

Ours

Ours w/ CD

Ours w/ TAD

Figure 5.7: Visualization of attention maps that are produced by models with/without
different word-level discriminators.

architecture for image manipulation using natural language descriptions. More specif-
ically, compared with the state of the art, our method has a much smaller number
of parameters, but still achieves a competitive manipulation performance, which is
friendly enough to memory-limited devices. Extensive experimental results demon-
strate the efficiency and superiority of our method on two benchmark datasets.
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5.2 Single-Direction Discriminator

In this section, we rethink the purpose of the discriminator in conditional generative
adversarial networks. Differently from the previous section, which aimed to improve
the capabilities of the discriminator to enable a reduction in the number of trainable
parameters in a generative network, we introduce a single-direction discriminator that
combines two training goals (i.e., having both good image quality and text-image
alignment) into one direction (i.e., improving the quality of fusion features). To
evaluate the performance of our proposed discriminator, we adopt a story visualization
task. Additionally, we introduce a new sentence representation with word information
and an extension of word-level spatial attention to work as complements to our
proposed single-direction discriminator.

5.2.1 Discriminator with Fusion Features

Downsample 
Blocks

Input Image

Image 
Features 

Concat

Sum

Sentence 
Vector

Conv Conv

Unconditional Loss

4 × 4

64 × 64

Conditional Loss

Adversarial Loss

Downsample 
Blocks

Input Image

Image 
Features 

Word 
Embeddings

Conv

Fusion

Conv

64 × 64

64 × 64

Adversarial Loss

(1) normal discriminator (2) our discriminator

Figure 5.8: Comparison between the normal two-pipeline discriminator (1) and our
single-pipeline discriminator (2), where the normal discriminator needs to check image
quality and text-image alignment, while our discriminator only needs to check the
quality of fusion features.

In this work, we propose a new single-pipeline discriminator, which works on fusion
features that contain both image and text information. Although DFGAN (Tao et al.,
2020) also introduced an single-pipeline discriminator, differently, (1) our discriminator
uses fine-grained word-level information and image features at the original size without
information loss, while DFGAN first downsamples image features to a small size at 4×4,
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Image Quality

Text-Image Alignment

good quality, 
good alignment

good quality, 
bad alignment

bad quality, 
bad alignment

bad quality, 
good alignment

Fusion Quality

(1) two goals (2) one goal

Figure 5.9: A diagram for two training goals of the normal discriminator (1) and the
goal of our proposed single-pipeline discriminator (2).

which may suffer a potential information loss problem, (2) our discriminator builds
fusion features via applying matrix multiplication between detailed image features and
word-level text representations, while DFGAN concatenates a coarse sentence vector
with small-scale image features at 4 × 4, and may fail to comprehensively explore
the correlation between image and text representations, and (3) the loss objectives
for our discriminator are only to check the difference of fusion features created from
word representations and synthetic images and the fusion features created from word
representations and real images. In contrast, the fusion features in DFGAN serve to
promote an additional gradient penalty, along with the discriminator objectives.

Fusion Features. As shown in Fig. 5.8, (1), in current methods (Xu et al., 2018;
Qiao et al., 2019b), the discriminator first extracts image features with a small size
at 4 × 4 through a series of downsampling blocks. Then, this small-size features
are used in two ways: one way is to determine whether the image is real or fake,
and the other way is to concatenate this image features with the sentence vector to
evaluate text-image semantic consistency. So, there are two kinds of loss computed,
the unconditional adversarial loss and the conditional adversarial loss.

However, concatenating such small-size image features with the coarse sentence
vector may not fully evaluate the text-image semantic alignment, because the image
features at 4× 4 may lose much text-matched image information, and the sentence
vector is a global representation of a given text, and cannot comprehensively reflect the
alignment between image and text. Based on this, to better evaluate the text-image
semantic consistency, we suggest to utilize word embeddings, and combine both text
and image information at a shallow layer of the discriminator, instead of at size 4× 4.
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Here, we introduce fusion features, which contain fine-grained text information at
word-level and image information at a larger resolution, and then feed this detailed
fusion features into the discriminator to evaluate the text-image semantic consistency
(see Fig. 5.8, (2)). Basically, checking the difference between fusion features created
from word representations and synthetic images and fusion features created from word
representations and real images can also reflect the realism of synthetic images. Good
fusion features should be both realistic and have good text-image semantic alignment,
just like real images matching their corresponding text descriptions.

To build this fusion features, we convert the output real/fake image features
v ∈ RC×H×W into the same semantic space as word embeddings w, to get v′ ∈
RD×(H∗W ). Then, the fusion features F ∈ RL×H×W are obtained by applying a matrix
multiplication between v′ and w, denoted as F = Reshape((w)Tv′), where each value
in F denotes the correlation between each pixel and each word. Finally, we feed fusion
features into the discriminator.

Single-Pipeline Discriminator. The discriminator in conditional generative
adversarial networks computes two types of losses: unconditional adversarial loss
for image quality and conditional adversarial loss for text-image semantic alignment,
as shown in Fig. 5.8 (1). These losses promote the generator to achieve two goals:
producing synthetic images that are indistinguishable from real images and capturing
semantic alignment between synthetic images and text as effectively as real images
and text. However, as these goals can be treated independently, the network may
fail to achieve both simultaneously. The implementation of fusion features in our
discriminator helps combine these goals into one, promoting the generator to produce
fusion features that are indistinguishable from those built from real images and text,
as shown in Fig. 5.9 (4). Building good fusion features should result in high-quality
output images and effective correlation between image regions and corresponding word
information. Therefore, our loss functions aim to train the model to produce such
fusion features.

LG,I = −EF ′
I∼Pg [log(D(F ′

I))] ,

LD,I = −E [log(D(FI))]− EF ′
I∼Pg [log(1−D(F ′

I))] ,

LG,V = −EF ′
V ∼Pg [log(D(F ′

V ))] ,

LD,V = −E [log(D(FV ))]− EF ′
V ∼Pg [log(1−D(F ′

V ))] ,

(5.7)

where I denotes an image, V denotes a story with a series of images, F are real fusion
features created by word representations and real image (or story) features that are
sampled from the real distribution, F ′ are synthetic fusion features created by word
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Figure 5.10: Left: architecture of the proposed approach. Right: Design of the
proposed new sentence representation.

representations and synthetic image (or story) features that are sampled from the
model distribution.

5.2.2 Another Components

The complete architecture is shown in Fig. 5.10, left. In addition to our proposed
single-pipeline discriminator, we introduce two additional components in the network.
These components are designed to complement the functionality of the discriminator
and leverage the fine-grained training feedback it provides. The integration of these
components enables the construction of a lightweight architecture.

5.2.2.1 New Sentence Representation

One problem arising in previous works (Li et al., 2019c; Song et al., 2020) is that
they feed given story sentences sequentially into the generation pipeline to produce
corresponding story images. Thus, when some keywords do not appear in all sentences
(e.g., as shown in Fig. 5.12, the word “tent” only appear in the fifth sentence), the
corresponding keyword-related attributes may not be generated in all story images due
to the sequential generation, and then the synthetic story may fail to keep consistency
across all images.

To address the issue, we propose a new sentence representation, shown in Fig. 5.10,
right, which can selectively incorporate different word information from the entire
story to mitigate the inconsistency problem. To build this new sentence representation,
we first reshape the word embeddings w ∈ RN×D×L to get w′ ∈ RD×(L∗N). Then,
we calculate the correlation weights σ ∈ RN×(L∗N) between each sentence and all
words within the whole story, according to applying a matrix multiplication followed
by a Softmax operation between w′ and a sentence vector s ∈ RN×D, denoted as
σ = Softmax(sw′). Next, a new sentence representation weighted by word-sentence
relation can be obtained by doing s′ = σ(w′)T , and is fed into the generation pipeline
at the beginning. By doing this, each sentence vector of s′ captures the relationship
between the sentence and the individual words. This enables the network to learn how

96



to incorporate different word information from the story, even if certain words only
appear in specific sentences. The goal is to maintain information consistency across
all story images, ensuring that the generated images align with the overall narrative
conveyed by the text.

5.2.2.2 Extended Word-Level Spatial Attention

To generate high-quality story images with finer details and a better consistency, we
adopt word-level spatial attention (Xu et al., 2018), and further extend it to focus on
all words and visual spatial locations in the entire story. By doing this, our extended
attention not only highlights local word-related image regions in the generation process,
but also captures the long-range correlation between words in the current sentence
and visual spatial locations from other images within the same story, which ensures
both the local image region quality and the global consistency of the whole story,
tailored for the story visualization task.

First, we convert intermediate visual features v ∈ RN×C×H×W into a joint semantic
space RD via a convolution layer, and then reshape the new features to get v′ ∈
RD×(H∗W∗N), where N is the size of a story, C is channel number, H is height of
the features, and W is width. We also reshape word embeddings w ∈ RN×D×L into
w′ ∈ RD×(L∗N), where D is the feature dimension and L is the number of words in
a sentence. Then, the extended spatial attention β ∈ R(H∗W∗N)×(L∗N) focusing on
capturing correlation between words and visual spatial locations across the entire
story can be obtained by:

βi,j =
exp(ai,j)∑L∗N−1

l=0 exp(ai,l)
, where a = v′Tw′, (5.8)

where βi,j denotes the correlation between the ith spatial location and the jth word
in the story. Therefore, weighted visual features containing word information vw can
be obtained by vw = w′βT . By doing this, the model encourages all images within a
story not only to have fine-grained regional details matching corresponding semantic
words, but also share similar appearances to make the whole story more consistent.

5.2.3 Experiments

There are limited number of methods working on the same story visualization task as
ours: StoryGAN (Li et al., 2019c), CP-CSV (Song et al., 2020), DUCO (Maharana
et al., 2021), and VLC (Maharana and Bansal, 2021). StoryGAN is based on generative
adversarial networks, and CP-CSV, DUCO, and VLC are built on top of StoryGAN,
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Table 5.3: Quantitative evaluation between different methods on the Pororo-SV and
Abstract Scenes. For FID and FSD, lower is better; for text-image cosine similarity
(Cosine), higher is better.

Pororo-SV dataset Abstract dataset
Method FID↓ FSD↓ Cosine↑ FID↓ FSD↓ Cosine↑

StoryGAN 78.64 94.53 0.22 135.16 55.80 3.59
CP-CSV 67.76 71.51 0.32 - - -
DUCO 95.17 171.70 0.08 142.34 49.16 3.95
VLC 94.30 122.07 0.21 - - -
Ours 56.08 52.50 2.98 72.34 14.86 4.05

where CP-CSV relies on character segmentation masks to provide an additional
supervision, and DUCO and VLC utilized auxiliary captioning networks to further
keep text-image semantic alignment.

5.2.3.1 Implementation

Our approach is developed using PyTorch, building on top of the original StoryGAN
codebase. The resolution of output images on Pororo-SV is 64× 64, and on Abstract
Scenes is 256×256. The text encoder is a bi-directional LSTM, pre-trained to maximize
the cosine similarity between matched image and text features (Xu et al., 2018). We
select the best checkpoints and tune hyperparameters by using the FID and FSD
scores mentioned below. The network is trained 240 epochs on both Pororo-SV and
Abstract Scenes, using the Adam optimizer (Kingma and Ba, 2014) with learning rate
0.0002. All models were trained on a single Quadro RTX 6000 GPU.

5.2.3.2 Quantitative Evaluation

Table 5.3 shows quantitative comparisons between our approach and the baselines on
Pororo-SV and Abstract Scenes. From the table, we can observe that our approach
achieves better evaluation results against other methods on both datasets, and builds
a new state of the art. Note that differently from CP-CSV, DUCO, and VLC,
our approach uses neither segmentation masks nor auxiliary captioning networks.
Compared to StoryGAN, our approach achieves 28.7% improvement in FID, and
44.5% improvement in FSD on Pororo-SV; and as for Abstract Scenes, our approach
achieves 46.5% improvement in FID, and 73.4% improvement in FSD. This illustrates
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Figure 5.11: Comparison between different methods on the Pororo-SV.

that our approach can generate images with finer quality, achieve a better image-
text semantic alignment, and keep a higher consistency across story images. Note
that we do not evaluate CP-CSV and VLC on Abstract Scenes, as CP-CSV requires
segmentation masks, and VLC has not released the complete code.

5.2.3.3 Qualitative Evaluation

Figs. 5.11 and 5.12 present visual comparisons between our approach and the baselines
on the Pororo-SV and Abstract Scenes datasets, respectively. The baselines on Pororo-
SV exhibit low-quality images with distorted characters and blurred backgrounds. For
instance, the penguin Pororo generated by StoryGAN lacks recognizable details. In
contrast, our approach produces images with finer regional details, including accurate
character appearances (e.g., penguin Pororo and frog Crong) and sharper object shapes
(e.g., glasses and hat on penguin Pororo).

For Abstract Scenes, the baselines may fail to keep the characters consistent or
maintain text-image alignment, e.g., DUCO generates two boys Mike or two girls
Jenny in a story image. On the other hand, our approach produces high-quality
characters (e.g., boy Mike and girl Jenny) with complete and detailed appearances,
and also ensures better consistency. For example, the word “tent” only appears in the
first and last sentences of the second example, but all synthetic images in the story
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1. Jenny is talking to Mike.

2. Mike is very happy.

3. The cloud is going behind the apple tree.

4. Mike is sitting near Jenny.

5. The hamburger is on the brown dog.
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1. The tent belongs to Jenny.

2. Mike and Jenny are sitting on the ground.

3. Mike and jenny are sitting under a tree.

4. Jenny is wearing a silly hat.

5. Mike and Jenny have set up a tent.

Figure 5.12: Comparison between different methods on the Abstract Scenes.

have the object tent. Other methods fail to keep the object tent in the background of
all images within the same story.

5.2.3.4 Component Analysis

An ablation study to evaluate the effectiveness of different components proposed in
the paper, and the results are shown in Table 5.4.

Sentence Representation with Word Information. First, we find that the
new sentence representation improves scores on all evaluation metrics. We attribute
this improvement to the better representation of text that contains fine-grained word
information from the entire story, which enables high-quality initial image features
with finer regional details and a better consistency (e.g., better FSD score), and thus
further improves final synthetic results (e.g., better FID and Cosine scores). This
is also supported by the observation found in text-to-image generation (Zhu et al.,
2019), where the quality of initial image features can considerably affect the quality of
output images in a sequential upsampling generation pipeline (see Fig. 5.10).

Discriminator with Fusion Features and Extended Word-Level Spatial
Attention. A degradation can be observed when our approach does not implement
the proposed discriminator. Similarly, without adopting proposed extended spatial
attention, we can observe a decrease in both FID and FSD scores. We think that this
is because both components are complement to each other: (1) without the proposed
discriminator, although the generator tries to make use of word-level information via
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Table 5.4: Component Analysis on the Pororo-SV. “Ours w/o Sentence” stands for
without using the proposed new sentence representation; “Ours w/ Discrimiantor”
stands for using the discriminator in current story visualization methods; “Ours w/o
Extended Spatial Attention” stands for without adopting the proposed attention;
“Ours w/ Word-Level Spatial Attention” is with the implementation of word-level
spatial attention (Xu et al., 2018), instead of our proposed extended spatial attention.

Method FID FSD Cosine

Ours w/o New Sentence Representation 68.48 62.85 2.24
Ours w/ Discriminator 62.23 59.33 2.61
Ours w/o Extended Spatial Attention 83.66 78.80 2.26
Ours w/ Word-Level Spatial Attention 58.26 63.39 2.54

Ours w/ Pre-trained BERT 52.38 49.69 3.71
Ours w/ FT BERT 50.96 48.81 3.95
Ours w/ BERT Scratch 55.78 51.71 2.80

Ours 56.08 52.50 2.98

the proposed attention in the generation process, there is no corresponding word-
level feedback from the discriminator, regarding whether word-related attributes are
produced in synthetic story images, and (2) without the extended spatial attention, the
fine-grained feedback from the proposed discriminator at both word- and image region-
level cannot be fully utilized by the generator. Thus, both components work together
to make a full use of word information to enable a higher-quality image generation
with a better story consistency. Besides, we find that the scores for “Ours w/o New
Sentence Representation” is better than “Ours w/o Extended Spatial Attention”. This
shows that the fine-grained training feedback provided by our discriminator can be
more utilized by the proposed extended word-level spatial attention.

Besides, we further record the number of trainable parameters in both kinds of
discriminators, where our proposed single-direction discriminator only contains 10.4M
trainable parameters, while the number of parameters in StoryGAN, DUCO, and
VLC is 47.2M, and 70.9M for CP-CSV. So, compared to StoryGAN, our discriminator
reduces about 77.97% number of parameters, but achieves 28.7% improvement in FID,
and 44.5% improvement in FSD on Pororo-SV, which verifies its superiority.

Moreover, we replace the extended spatial attention with word-level spatial atten-
tion (Xu et al., 2018) to verify its effectiveness. The main improvement using the
extended spatial attention is shown on the consistency of output results, especially
on FSD score. This is because our proposed component focuses mainly on the whole
story with multiple images and sentences, instead of only a pair of image and sentence,
which coincides with the purpose of keeping the consistency across story images.
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1. Crong is eating vegetables. 
Pororo looks it strange.


2. Crong looks so happy. Crong 
finished the vegetables.


3. Loopy and petty are so happy to 
see Crong ate all Crong vegetables.


4. Crong looks happy. Crong nods 
Crong head.


5. Everyone is in the train. There 
are snow covered trees.
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Figure 5.13: Visualization of the proposed extended spatial attention and new sentence
representation.

BERT. In Table 5.4, we use BERT to replace LSTM as the text encoder. If the
BERT is trained from scratch, denoted as “w/ BERT Scratch”, there is no significant
changes on all metrics. This is because Pororo-SV is small and each caption contains
limited number of words, and thus a RNN-based text encoder (e.g., LSTM) is strong
enough to capture long-range dependencies between words. If we use a pre-trained
BERT, denoted as “w/ Pre-trained BERT” or further fine tune BERT on Pororo-SV,
denoted as “w/ FT BERT”, performance improves. This is because BERT pre-trained
on a larger text corpus (e.g., Wikipedia) can generate better text representations.

5.2.3.5 Visualization

Capturing relations between words and image regions has been adopted in text-to-
image generation (Xu et al., 2018; Qiao et al., 2019b) to improve image quality and
text-image semantic alignment. Our proposed extended word-level spatial attention
captures relations between image regions and words from the entire story to ensure
local image quality and also global consistency across story images, tailored for story
visualization. In Fig. 5.13, we visualize the extended spatial attention using heatmap.
The y axis denotes the last 10 words in the story (i.e., sentence 5: Everyone. . . ), and
x denotes image regions, where we evenly split an image into 32 regions and compute
the average for each region. So, the heatmap shows the correlation values captured
by our attention between the last 10 words and image regions in each image. The
word snow (y = 7) is highlighted in each heatmap, and snow is also generated in all
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Table 5.5: Effects of our new sentence representation adopted in story visualization
on the Pororo-SV and text-to-image generation on the CUB. For FID and FSD, lower
is better, for IS, higher is better. “+ New Sent.” means using our new representation.

Method FID FSD IS

StoryGAN + New Sent. 72.81 84.06 -
CP-CSV + New Sent. 63.12 64.29 -
DUCO + New Sent. 87.82 131.83 -
VLC + New Sent. 82.19 100.94 -

AttnGAN 23.98 - 4.36
AttnGAN + New Sent. 19.20 - 4.71
DFGAN 14.81 - 5.10
DFGAN + New Sent. 11.98 - 5.16

Ours 56.08 52.50 -

output images, which verifies that our method captures distant word-image relations
and ensures consistency even when some keywords do not appear in all sentences.

Furthermore, we also visualize the proposed new sentence representation with word
information by showing the σ values between “snow” and each sentence in Fig. 5.13.
As we can see, our sentence representation learns to give high σ to keywords, without
it, distant images from keywords may not keep consistency (e.g., there is no snow in
the 1st image of “Ours w/o New Sent.”).

5.2.3.6 General Applicability of New Sentence Representation

In Table 5.5, we apply our new sentence representation to other story visualization
methods as well as text-to-image generation approaches (AttnGAN (Xu et al., 2018)
and DFGAN (Tao et al., 2020)) by incorporating word information into the sentence
vector without modifying the networks themselves. We can observe that our sentence
representation further enhances these methods, resulting in improved evaluation
scores. In the case of story visualization, the improvement is mainly attributed to our
proposed sentence representation, which enables high-quality initial image features
with finer regional details and better consistency, leading to improved synthetic
results. Regarding text-to-image generation, the improvement validates the observation
presented in the work of Zhu et al. (2019) that the quality of initial image features
impacts the quality of output images in a sequential upsampling generation pipeline.

5.2.3.7 Human Evaluation

We also conduct a human evaluation to comprehensively evaluate the performance
of our approach on Pororo-SV. To do this, following Li et al. (2019c), a side-by-side
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Table 5.6: Results of a human evaluation between Ours and DUCO on the Pororo-SV.

Choice (%) Ours Tie DUCO

Visual Quality 75.3 8.3 16.4

Consistency 81.8 4.4 13.8

Relevance 72.3 5.7 22.0

human evaluation study is conducted based on three evaluation criteria: (1) the visual
image quality, (2) the consistency among story images, and (3) the semantic alignment
between paired image and sentence. The study compares the synthetic image sequences
from our approach and DUCO. We showed the generated story images along with the
corresponding story sentences from two methods, and three options are provided: (1)
the first is better, (2) two are similar, and (3) the second is better. In this evaluation,
we randomly choose 200 synthetic story images, generated from corresponding story
descriptions sampled from the testing dataset, and each was assigned to 5 workers to
reduce human variance.

From Table 5.6, story images produced by our approach are more preferred by
workers on three evaluate criteria, which demonstrates the effectiveness of our approach
on high-quality image generation with a better text-image semantic alignment, and a
better story consistency.

5.2.4 Conclusion

In this paper, we investigated the task of story visualization. We proposed a new
approach by exploring fine-grained information at both word and story level, and
demonstrate the effectiveness of proposed components by conducting extensive exper-
iments. Our approach has three novel components: a new sentence representation
selectively incorporates different word information from the entire story to enable a
better consistency, the extended spatial attention captures relations between image
regions and words across the entire story to enable the generation of higher-quality
story images with better consistency, and the novel discriminator contains a smaller
number of parameters, but effectively provides the generator with fine-grained training
signals, evaluating the quality of fusion features to examine whether word-related image
attributes are generated in story images and also their quality, and thus encouraging
the generator with the proposed attention to highlight image relations corresponding
to semantic words from the story. Finally, a human evaluation has been conducted to
further verify the effective performance of our proposed approach.
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However, there is still much space for quality improvement on different datasets,
such as the images details on characters. Also, a more concise architecture design
is desired, as current methods (including our approach) require a large amount of
memory storage to hold and train. Also, the resolution of output images is small at
64× 64, which is less practical for real-word applications.
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Chapter 6

General Conclusion and Perspective

In this thesis, I investigated three directions to effectively incorporate multi-modal
information: (1) using a consistent representation for information with similar semantic
meaning, (2) exploring correlations between image visual attributes and corresponding
semantic words, and (3) developing lightweight architectures for models with inputs
from multiple domains. For exploring correlations, I further investigated three ap-
proaches: word-level attention-based connections aided by a complementary word-level
discriminator, text-image affine combinations, and a semi-parametric memory-driven
approach. For lightweight architecture construction, two further directions were ex-
plored: improving the capabilities of generator and discriminator in conditional GANs
to avoid blindly increasing network size, and constructing a single-directional dis-
criminator by combining two training goals (i.e., better image quality and text-image
semantic alignment) into a single direction (improving the quality of fusion features)
to reduce redundancies in conditional GANs. The results are presented as follows:

First, having a consistent representation for information from different modalities
with the similar semantic meaning can ensure that similar instances can be closely
clustered within the same cluster, which allows the network to easily correlate this
information, and then to achieve an effective translation or fusion between them
without introducing ambiguities in the generative module. Combining both contrastive
learning and clustering learning is an effective approach to achieve this, where both
are complementary to each other, as different contrastive losses maximize the mutual
information at different representation levels, and clustering losses help to capture
semantic similarity and to prevent contrastive learning pushing instances with the
similar semantic meaning far away from each other.

Future work on achieving a consistent representation for information with similar
semantic meaning will be necessary to evaluate the approach in various tasks. This is
because additional experiments on the general applicability of the proposed approach
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would be valuable in providing a complete understanding of the need for a consistent
representation in tasks that require multi-modal information as input. Furthermore,
further investigation into the principles of both contrastive and clustering learning
could facilitate a comprehensive implementation of both in multi-modal interaction.
Additionally, since both contrastive and clustering learning can be computationally
expensive, further exploration of alternative lightweight and effective approaches would
be valuable.

Second, attention-based correlation enables the network to learn to correlate image
visual attributes with corresponding semantic words from a given sentence, allowing
the network to identify the semantic meaning of the text and specific visual attributes
of the image regions. Then, affine combination is a simple but effective way to fuse
multi-modal information, enabling the network to selectively choose required semantic
word information and image visual attributes to achieve an effective interaction.
Additionally, the proposed semi-parametric memory-driven approach combines the
advantages of both parametric and non-parametric techniques. The non-parametric
component is a memory bank of disentangled image features constructed from the
training set of real images, and the parametric component is a generative adversarial
network. At inference time, given a text description, the memory bank is used to
selectively retrieve compatible image features that are provided as basic information,
allowing the generator to directly draw clues of target images and produce realistic
synthetic results.

As future work, the three proposed approaches for correlating image visual at-
tributes with corresponding semantic words can be further improved by addressing the
semantic misalignment problem. This is because current methods typically use a fixed
text encoder and image encoder to extract corresponding features and then use these
features directly in a fixed GAN-based network. However, text representations can be
coarse sentence vectors, fine-grained word embeddings, or structured knowledge, while
image features extracted from different layers of a convolutional neural network (e.g.,
VGG) may contain different-level semantic information, as demonstrated by Gatys
et al. (2016) and Johnson et al. (2016). Simply fusing cross-domain representations
together using a fixed generative network may have a significant adverse impact
on the quality of output images. For example, one of the primary functions of the
discriminator in conditional GANs is to evaluate the semantic alignment between
input text and output image and provide corresponding feedback to the generator,
which encourages the generator to generate text-semantic-matched images. However,
current methods only concatenate a coarse sentence vector and image features at a
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small scale (i.e., 4x4), extracted from a given image using a series of convolutional
layers, to evaluate the semantic alignment. This approach may fail to fully match the
semantics between text and image features and provide less precise training feedback
to the generator.

Furthermore, exploring more effective ways to build a memory bank, such as
implementing more efficient data structures or faster search algorithms to accelerate
the retrieval process of image features, would be another valuable direction for future
work. This is because the proposed method currently needs to search through all
stored information to find the most compatible features. Additionally, improving the
similarity matrix used to evaluate the correlation between multi-modal information
would be desirable for achieving a more comprehensive evaluation.

Third, according to improving the capabilities of both generator and discriminator,
we are allowed to build a lightweight network having inputs from different modalities,
which has a smaller number of parameters but with a competitive performance,
compared to the method according to blindly increasing the size of a network. Also,
current GAN-based networks may still have some redundancy in their architecture,
and we find that having a single-directional discriminator is powerful enough for
conditional GANs to produce high-quality synthetic images with a good text-image
semantic alignment, instead of evaluating image quality and text-image semantic
alignment separately by having two networks in the discriminator architecture.

Future work could further explore a lightweight architecture to advance the im-
plementation of a network having inputs from multiple modalities in real-world
applications. The two approaches proposed in this thesis need to be further studied
by improving the capabilities of existing networks and rethinking the principle of each
component to reduce unnecessary redundancies.

In summary, having a framework to achieve an effective interaction between
multi-modal information can greatly improve our world, from allowing non-artists to
generate visual appealing artworks, to achieving an effective information translation
and propagation among us. My hope is that, in the future, we will have robust and
accurate neural models that break various information gaps and freely allow all of us
to understand different information and express ourselves.
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