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Natural language generation plays an important role in language intelligence, which is an

essential topic of artificial intelligence over the past years. Recent advances in generative

models combining with deep neural networks have achieved tremendous successes in many

natural language generation tasks. Establishing suitable and effective generative models

is the key challenge for researchers to fulfill different language generation purposes under

varied application scenarios. This thesis focuses on investigating and providing better deep

generative models with respect to various natural language generation tasks.

This thesis consists of two parts. The first part explores the ranking-based generative

adversarial network for generating texts. We first examine limitations of the commonly

used Generative Adversarial Networks (GANs) on text generation tasks, and propose a

novel ranking-based generative adversarial network, RankGAN, for generating high-quality

language descriptions. Rather than training the discriminator to learn and assign an absolute

binary predicate for an individual data sample, the proposed RankGAN is able to analyze

and rank a collection of human-written and machine-written sentences by giving a reference

group. Concretely, by viewing a set of data samples collectively and evaluating their quality

through relative ranking scores, the discriminator is able to make a better assessment which

in turn helps to learn a better generator for text generation tasks. We then take a step further

to apply RankGAN in image captioning. We explore how to generate captions that are not



only accurate in describing an image but also diverse across different images. By ranking

human-written captions above image-mismatched captions within the image-caption joint

space, the corresponding caption generator effectively exploits the inherent characteristics of

human languages, and generates more diverse captions.

In the second part, we focus on how to effectively edit inputs to generate new texts for

specific natural language generation tasks, e.g., text style transfer and textual adversarial

example generation. For the text style transfer task, we first examine the limitations and

drawbacks of current generative models for text style transfer tasks with limited data. We

then develop domain adaptive text style transfer models to leverage massively available

data from other domains to solve the scarce data issue in the target domain. To generate

textual adversarial examples, while previous rule-based editing methods are agnostic to the

input context, we propose a contextualized perturbation approach to generate fluent and

grammatical adversaries with better textual similarity. We further investigate three different

perturbations to construct a richer range of generation strategies, resulting in a higher attack

success rate of generated adversaries.
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Chapter 1

INTRODUCTION

Artificial Intelligence (AI) has been influencing human lives and bringing great conve-

niences for human society. One of the most important goals for AI is to develop intelligent

agents, which can understand human languages and help us to convey messages more ef-

ficiently. Building Generative models for natural language generation is one of the most

promising approaches toward this goal. It typically follows two steps: learning and infer-

ence. The learning step endows the model to approximate the underlying distribution of

the observed dataset, such as a corpus. The learned model, on the other hand, can gen-

erate novel data subjected to the observed data distribution in the inference step. Due to

the discrete nature of linguistic representations, effective quantitative evaluations of genera-

tive models on the natural language tasks are non-trivial. To reflect the desired attributes

of generated samples, certain quantitative metrics, such as BLEU [97], CIDEr [134], ME-

TEOR [7] or task-specific metrics [94, 120], have been proposed to fit the expectation of

different language generation tasks.

Benefiting from recent advancements of deep learning techniques, deep generative models

have achieved remarkable progresses in many natural language generation tasks, such as ma-

chine translation [6, 150, 133, 68], image captioning [26, 137, 4], style transfer [46, 124, 154]

and textual adversarial examples [169, 138, 14, 57]. This is evidenced by impressive per-

formances from state-of-the-art techniques on the existing metrics. Despite such successes,

existing generative models still suffer various drawbacks in different natural language tasks.

In this thesis, we will mainly investigate the limitations of current mainstream deep gen-

erative models on several natural language generation tasks, and discuss how to develop

better generative models specifically for these tasks. We will first briefly provide the basic
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backgrounds of these tasks and our contributions in the following parts.

1.0.1 Adversarial Ranking for Language Generation

This thesis consists of two parts. The first part explores ranking-based generative adversarial

networks for natural language generation. We first proposed a novel ranking process in

general generative adversarial networks for text generation. We then explore this ranking

approach with generative adversarial networks in the image captioning task.

Generative Adversarial Networks for Text Generation. Generative adversarial net-

works (GANs) have drawn great attentions since Goodfellow et al. [35] introduced the frame-

work for generating synthetic data that is similar to the real data. GAN consists of two neural

network models, a discriminator D and a generator G, which compete against each other

in a two-player minimax game. The discriminator aims to distinguish the synthetic data

from the real data, while the generator is trained to confuse the discriminator by generating

high-quality synthetic data that is as close to real data as possible. Formally, the GAN

objective L can be written as:

min
G

max
D

L(G,D) = E
x∼Pdata

[logD(x)] + E
z∼Pz

[log(1−D(G(z))] , (1.1)

where E is the expectation operator, Pdata is the real data distribution, Pz a latent distribu-

tion where the generator G samples synthetic data G(z) by drawing z from it. Typically, Pz
is defined by a standard normal distribution. During the adversarial learning, the generator

minimizes the distance between the approximated probability distribution (generation dis-

tribution) PG and the real data distribution Pdata, while the discriminator tries to maximize

the distance. In this setup, the optimal discriminator is: D∗(x) = Pdata
Pdata+PG

. The global

minimum of the adversarial training is achieved if and only if PG = Pdata and the optimal

distance value is −log4 [35].

Although GANs have achieved great success in computer vision tasks such as image

synthesis [19, 50, 69, 172, 9], there are only limited progress in natural language generation
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because of the difficulty in handling discrete tokens. Specifically, the gradient of the training

loss from the discriminator is estimated on discrete sequences and thus it is non-differentiable

to the generator. To tackle such difficulty, two mainstream directions have been investigated

over the past years. The first direction focuses on incorporating a continuous approximation

of the discrete distribution on text, such as soft-argmax operator [67, 165], Gumbel-softmax

trick [53, 89], and feature matching method [13]. The continuous approximation approaches

make the model end-to-end differentiable, but suffer from the generated errors due to the

discrepancy between learning and inference. While the alternative approaches [155, 12, 79,

42, 27] relieve this problem by adopting policy-gradient in reinforcement learning (RL) [146],

they typically yield high-variance gradient estimates in the action space which affect their

performance.

We argue that the issue in RL-based strategies is associated with a strong discriminator,

which overly estimates the quality of sentences in a polarized way, resulting in high-variance

gradients propagated to the generator. In our work, we propose a ranking-based generative

adversarial network, named RankGAN, to overcome the high-variance gradient problem and

generate high-quality language descriptions. By viewing a set of data samples collectively

and evaluating their quality through relative ranking, the discriminator is able to make a

better assessment of the quality of the samples, which in turn helps the generator to learn

better. The proposed method is suitable for language learning in comparison to conventional

GANs with a common binary discriminator.

Generative Adversarial Networks for Diverse Image Captioning. Image caption-

ing is one of the most important applications in both computer vision and natural language

processing fields, which aims to automatically generate natural descriptions for images. The

task requires models to understand the content of images and then verbalize the details

with natural language. The generative models G for image captioning often consist of a

combination of image recognition and language generation parts. With the recent surge of

deep learning techniques, the visual features of images are captured by a deep convolution
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neural network (CNN), and the descriptions are generated by a deep autoregressive model

implemented by a long short-term memory network (LSTM) or its variants. Commonly, the

generative models optimize the parameters via maximum likelihood estimation (MLE), i.e.,

maximizing the conditional log-likelihood of true descriptions (w1, ..., wT ) given the corre-

sponding image I:

min
G
L(G) = −

T∑
t=1

log pG(wt|w1, ..., wt−1, I), (1.2)

where wt is the tth token and T is the maximum length in the sequence.

Despite phenomenal research progresses in the past several years, which is evidenced by

the fact that state-of-the-art methods have already surpassed human performance on certain

metrics [137, 152, 4], the machine-generated captions are expressed in a very monotonic and

featureless format. While such captions are normally accurate, they often lack important

characteristics in human languages - distinctiveness for each image and diversity across dif-

ferent images. From human perspectives, as demonstrated in [54], each image possesses its

own specificity, and accordingly its related captions should acquire its distinctiveness, leading

to diverse captions for different images. In general, distinctive descriptions are often pursued

by a human, who can easily distinguish a specific image from a group of similar images.

Following the direction of the first part of the work, we investigate how to generate

captions that are not only accurate in describing an image but also diverse across different

images by using a ranking-based conditional generative adversarial network. Specifically,

instead of estimating the quality of a caption solely on one image, we propose a comparative

adversarial learning framework that can better assess the quality of captions by comparing a

set of captions within the image-caption joint space. By contrasting with human-written cap-

tions and image-mismatched captions, the caption generator effectively exploits the inherent

characteristics of human languages, and generates more diverse captions.
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1.0.2 Deep Generative Models for Text Editing

In the second part, we investigate deep generative models for text style transfer and textual

adversarial example generation. Both tasks require modifications on parts of the input texts,

resulting in attribute changes on the edited texts, while the task-specific text contents are

preserved during the modifications.

Text Style Transfer. Text style transfer, which aims to edit an input sentence with the

desired style while preserving style-irrelevant content, has received increasing attention in

recent years. It has been applied successfully to stylized image captioning [29], personalized

conversational response generation [158], formalized writing [109], offensive to non-offensive

language transfer [24], and other stylized text generation tasks [1, 166].

Text style transfer has been explored as a sequence-to-sequence learning task using par-

allel datasets [55]. Parallel dataset denotes that each sentence expressed in one style in the

dataset is annotated with a corresponding sentence written in another different style. How-

ever, parallel datasets are often not available, and hand-annotating sentences in different

styles is expensive. Consequently, most previous text style transfer works consider a more

realistic setting when only non-parallel stylized corpora are available. Such task is coined

as unsupervised text style transfer [154]. This makes the text style transfer even more chal-

lenging because the style and content in the natural language are difficult to be disentangled

without supervised signals from parallel data. The recent surge of deep generative mod-

els [64, 35] has spurred progresses in text style transfer without parallel data by learning

disentanglement [46, 124, 28, 75, 102]. However, these methods typically require massive

amounts of data [126], and may perform poorly in limited data scenarios.

In this task, we explore the deep generative model in text style transfer with data-

scarcity issue. We show that most of previous works with the non-parallel corpora, despite

of substantial progresses, yield poor performance where the generated texts tend to use the

most discriminative stylized words that the target style prefers while ignoring the necessary

content. To solve this issue, we examine domain adaptive methods for text style transfer
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with non-parallel data to leverage massively available data from other domains. We propose

simple yet effective domain adaptive text style transfer models, enabling domain-adaptive

information exchange. The proposed models presumably learn from the source domain to:

(i) distinguish stylized information and generic content information; (ii) maximally preserve

content information; and (iii) adaptively transfer the styles in a domain-aware manner.

We evaluate the proposed models on two style transfer tasks (sentiment and formality)

over multiple target domains where only limited non-parallel data is available. Extensive

experiments demonstrate the effectiveness of the proposed model compared to the baselines.

Textual Adversarial Example. A textual adversarial example modifies an input sen-

tence and is supposed to trigger an error by the victim machine learning model. At the

same time, the textual modifications to the input sentence should be minimal, such that

the adversary is close to the original sentence, and the human predictions on the example

remain unchanged. Besides exposing the systems’ vulnerabilities and thus helping improve

their robustness and security [169, 138, 14, 57], adversarial examples can also be used to

interpret the models’ decisions [56, 116].

In computer vision applications, minor perturbations to continuous pixels can be barely

perceptible to humans, and thus one can hardly distinguish the adversarial example and

its input image [38]. It is not the case for text, however, since changes to the discrete

tokens are more likely to be noticed by humans. To sustain enough similarity between

the adversary and its input sentence, an adversarial example generator can be built on a

similarity module, e.g., synonym substitution, to control the distance with a textual similarity

constraint. Nevertheless, textual similarity is not able to capture the quality of adversarial

examples comprehensively. For example, randomly shuffling a few tokens in a text may

sustain the semantic meaning and mislead a model, while it breaks other basic properties,

fluency and grammaticality, in natural language. Therefore, besides the attacking demand

and textual similarity constraint, a good textual adversarial example requires to contain

reasonable fluency and grammaticality properties.
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In this task, we take a step forward to build a contextualized perturbation approach.

The proposed approach perturbs the input text with a masking-then-infilling procedure. By

leveraging the knowledge from the pretrained masked language model, our model carries out

perturbations in a context-aware manner, which prevents inappropriateness in the perturbed

text. While previous token replacement methods fail to generate grammatical and fluent ad-

versaries, our model maximally preserves the semantic meaning, fluency and grammaticality

of adversarial examples. Meanwhile, our model breaks the constraint of prefixed substitution

rules with diverse perturbation operations, it can search over a significantly larger space of

attacking possibilities to achieve a higher attack success rate.

1.0.3 Contributions

To summarize, the contributions of this report are as follows:

• Investigating limitations of current deep generative models on several natural language

tasks and provide novel and better models to overcome the limitations.

• In Chapter 2, we propose a generic and efficient ranking-based generative adversarial

network on text generation task that overcomes the high-variance training problem

and generates high-quality descriptions.

• In Chapter 3, we apply the ranking-based generative adversarial network on the image

captioning task, generating more diverse and better captions for images by ranking

captions in a collection.

• In Chapter 4, we explore a challenging domain adaptation problem for text style trans-

fer by leveraging massively-available data from other domains to solve the data-scarcity

issue. We propose two simple yet effective domain adaptation models for text style

transfer.
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• In Chapter 5, we investigate the task of textual adversarial attack. We propose a

contextualized adversarial example generation model to generate high-quality textual

adversaries in terms of attack success rate, textual similarity, fluency and grammati-

cality.

Chapter 6 summarizes this thesis and discusses future research works.
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Part I

ADVERSARIAL RANKING FOR LANGUAGE GENERATION



10

Chapter 2

RANKING-BASED GENERATIVE ADVERSARIAL
NETWORK

2.1 Introduction

Language generation plays an important role in natural language processing, which is es-

sential to many applications such as machine translation [6], image captioning [26], and

dialogue systems [115]. Recent studies [39, 44, 128, 150] show that the recurrent neural net-

works (RNNs) and the long short-term memory networks (LSTMs) can achieve impressive

performances for the task of language generation. Evaluation metrics such as BLEU [97],

METEOR [7], and CIDEr [134] are reported in the literature.

Generative adversarial networks (GANs) have drawn great attentions since Goodfel-

low et al. [35] introduced the framework for generating the synthetic data that is similar

to the real data. The main idea behind GANs is to have two neural network models, the

discriminator and the generator, competing against each other during learning. The discrim-

inator aims to distinguish the synthetic data from the real data, while the generator is trained

to confuse the discriminator by generating high quality synthetic data. During learning, the

gradient of the training loss from the discriminator is used as the guidance for updating the

parameters of the generator. Since then, GANs have achieved great performance in many

computer vision tasks including image synthesis [19, 50, 69, 106, 117]. Their successes are

mainly attributed to training the discriminator to estimate the statistical properties of the

continuous real-valued data (e.g., pixel values).

The adversarial learning framework provides a possible way to synthesize language de-

scriptions in high quality. However, GANs have limited progress with natural language

processing. Primarily, the GANs have difficulties in dealing with discrete data (e.g., text
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sequences [8]). In natural languages processing, the text sequences are evaluated as dis-

crete tokens whose values are non-differentiable. Therefore, the optimization of GANs is

challenging. Secondly, most of the existing GANs assume the output of the discrimina-

tor to be a binary predicate indicating whether the given sentence is written by human or

machine [18, 67, 74, 153, 155]. For a large variety of natural language expressions, this bi-

nary predication is too restrictive, since the diversity and richness inside the sentences are

constrained by the degenerated distribution due to the binary classification.

In this chapter, we propose a novel adversarial learning framework, RankGAN, for gen-

erating high-quality language descriptions. RankGAN learns the model from the relative

ranking information between the machine-written and the human-written sentences in an

adversarial framework. In the proposed RankGAN, we relax the training of the discrimina-

tor to a learning-to-rank optimization problem. Specifically, the proposed new adversarial

network consists of two neural network models, a generator and a ranker. As opposed to

performing a binary classification task, we propose to train the ranker to rank the machine-

written sentences lower than human-written sentences with respect to a reference sentence

which is human-written. Accordingly, we train the generator to synthesize sentences which

confuse the ranker so that machine-written sentences are ranked higher than human-written

sentences in regard to the reference. During learning, we adopt the policy gradient tech-

nique [131] to overcome the non-differentiable problem. Consequently, by viewing a set of

data samples collectively and evaluating their quality through relative ranking, the discrim-

inator is able to make better assessment of the quality of the samples, which in turn helps

the generator to learn better. Our method is suitable for language learning in comparison

to conventional GANs. Experimental results clearly demonstrate that our proposed method

outperforms the state-of-the-art methods.

2.2 Related Work

Generative Adversarial Networks. Recently, GANs [35] have been widely explored due

to its nature of unsupervised deep learning. Though GANs have achieved great successes
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on computer vision applications [19, 50, 69, 106, 117], there are only limited progresses in

natural language processing because the discrete sequences are not differentiable. To tackle

the non-differentiable problem, SeqGAN [155] addresses this issue by the policy gradient

inspired from the reinforcement learning [131]. The approach considers each word selection

in the sentence as an action, and computes the reward of the sequence with the Monte

Carlo (MC) search. Their method back-propagates the reward from the discriminator, and

encourages the generator to create human-like language sentences. Li et al. [74] apply GANs

with the policy gradient method to dialogue generation. They train a Seq2Seq model as

the generator, and build the discriminator using a hierarchical encoder followed by a 2-

way softmax function. Dai et al. [18] show that it is possible to enhance the diversity of

the generated image captions with conditional GANs. Yang et al. [153] further prove that

training a convolutional neural network (CNN) as a discriminator yields better performance

than that of the recurrent neural network (RNN) for the task of machine translation (MT).

Among the works mentioned above, SeqGAN [155] is the most relevant study to our proposed

method. The major difference between SeqGAN [155] and our proposed model is that we

replace the regression based discriminator with a novel ranker, and we formulate a new

learning objective function in the adversarial learning framework. In this condition, the

rewards for training our model are not limited to binary regression, but encoded with relative

ranking information.

Learning to rank. Learning to rank plays an essential role in Information Retrieval

(IR) [83]. The ranking technique has been proven effective for searching documents [48]

and images [98]. Given a reference, the desired information (such as click-through logs [59])

is incorporated into the ranking function which aims to encourage the relevant documents

to be returned as early as possible. While the goal of previous works is to retrieve relevant

documents, our proposed model takes the ranking scores as the rewards to learn the language

generator. Our proposed RankGAN is one of the first generative adversarial network which

learns by relative ranking information.
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2.3 Proposed Model

…H

…G

Generator 
𝑮𝑮𝜽𝜽

…H

…H

…H

Ranker 𝑹𝑹𝝓𝝓

Reference U

…H

…G

…H

…H

…H

Input sentences Ranked sentences

Figure 2.1: An illustration of the proposed RankGAN. H denotes the sentence sampled from

the human-written sentences. G is the sentence generated by the generator Gθ. The inputs

of the ranker Rφ consist of one synthetic sequence and multiple human-written sentences.

Given the reference sentence U which is written by human, we rank the input sentences

according to the relative scores. In this figure, it is illustrated that the generator tries to

fool the ranker and let the synthetic sentence to be ranked at the top with respect to the

reference sentence.

2.3.1 Overall architecture

In conventional GANs [35], the discriminator with multilayer perceptrons outputs a bi-

nary probability distribution to suggest whether the unknown sequences come from the real

data rather than the data synthesized by a generator. In contrast to conventional GANs,

RankGAN consists of a sequence generator Gθ and a ranker Rφ, where Rφ can endow a

relative rank among the sequences when given a reference. As illustrated in Figure 2.1, the

learning objective of Gθ is to produce a synthetic sentence G that receives higher ranking

score than those drawn from real data H. However, the goal of Rφ is to rank the synthetic

sentence G lower than human-written sentences H. Figure 2.1 illustrates that the generator
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tries to fool the ranker and let the synthetic sentence G to be ranked at the top with respect

to the reference sentences U. Thus, this can be treated as Gθ and Rφ play a minimax game

with the objective function L:

min
θ

max
φ

L(Gθ, Rφ) = E
s∼Ph

[
logRφ(s|U, C−)

]
+ E

s∼Gθ

[
log(1−Rφ(s|U, C+))

]
(2.1)

where θ and φ are the variable parameters in G and R, respectively. E is the expectation

operator, and Ph is the real data from human-written sentences. s ∼ Ph and s ∼ Gθ

denote that s is from human-written sentences and synthesized sentences, respectively. U

is the reference set used for estimating relative ranks, and C+, C− are the comparison set

with regard to different input sentences s. When the input sentence s is the real data, C−

contains generated data pre-sampled from Gθ; If the input sentence s is the synthetic data,

the human-written data is pre-sampled and enclosed in C+.

The forms of Gθ and Rφ can be achieved in many ways. In this chapter, we design

the generative model with the long short-term memory networks (LSTMs) [44]. A LSTM

iteratively takes the embedded features of the current token wt plus the information in the

hidden state ht−1 and the cell state ct−1 from previous stages, and updates the current states

ht and ct. Additionally, the subsequent word wt+1 is conditionally sampled subjects to the

probability distribution p(wt+1|ht) which is determined by the value of the current hidden

state ht. Benefiting from the capacity of LSTMs, our generative model can conserve long-

term gradient information and produce more delicate word sequences s = (w0, w1, w2, ..., wT ),

where T is the sequence length.

Recent studies show that the convolutional neural network can achieve high performance

for machine translation [32, 153] and text classification [160]. The proposed ranker R, which

shares the similar convolutional architecture, first maps concatenated sequence matrices into

the embedded feature vectors ys = F(s) through a series of nonlinear functions F. Then, the

ranking score will be calculated for the sequence features ys with the reference feature yu

which is extracted by R in advance.



15

2.3.2 Rank score

More disparities between sentences can be observed by contrasts. Inspired by this, unlike

the conventional GANs, our architecture possesses a novel comparison system that evaluates

the relative ranking scores among sentences. Inspired by ranking steps commonly used in

Web search [48], we formulate a relevance score of the input sequence s given a reference u

by:

α(s|u) = cosine(ys, yu) =
ys · yu
‖ys‖‖yu‖

(2.2)

where the yu and ys are the embedded feature vectors of the reference and the input

sequence, respectively. ‖·‖ denotes the norm operator. Then, a softmax-like formula is used

to compute the ranking score for a certain sequence s given a comparison set C (In Figure 2.1,

s is the generated sentence G, and C includes all human-written sentences H):

P (s|u, C) =
exp(γα(s|u))∑

s′∈C′ exp(γα(s′|u))
(2.3)

The parameter γ, whose value is set empirically during experiments, shares the similar

idea with the Boltzmann exploration [129] method in reinforcement learning. Lower γ results

in all sentences to be nearly equiprobable, while higher γ increases the biases toward the

sentence with the greater score. The set C ′
= C ∪ {s} denotes the set of input sentences to

be ranked.

Since the reference sentence u is not available in most tasks, we use human-written

sentences to serve the reference space. To reduce the reference variance, the collective ranking

score for an input sentence is an expectation of its scores given different references sampled

across the reference space. During learning, we randomly sample a set of references from

human-written sentences to construct the reference set U . Meanwhile, the comparison set C

will be constructed according to the type of the input sentence s, i.e., C is sampled from the

human-written set and machine-generated set. With the above setting, the expected ranking
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score computed for the input sentence s can be derived by:

Rφ(s|U, C) = E
u∈U

[P (s|u, C)] (2.4)

Here, s is the input sentence. It is either human-written or produced by Gθ. Accordingly,

u is a reference sentence sampled from set U . Given the reference set and the comparison

set, we are able to compute the rank scores indicating the relative ranks for the complete

sentences. The ranking scores will be used for the objective functions of generator Gθ and

ranker Rφ.

2.3.3 Training

In conventional settings, GANs are designed for generating real-valued image data and thus

the generator Gθ consists of a series of differentiable functions with continuous parame-

ters guided by the objective function from the discriminator Dφ [35]. Unfortunately, the

synthetic data in the text generation task is based on discrete symbols, which are hard to

update through common back-propagation. To solve this issue, we adopt the Policy Gradient

method [131], which has been widely used in reinforcement learning.

Suppose the vocabulary set is V , at time step t, the previous tokens generated in the

sequence are (w0, w1, ..., wt−1), where all tokens wi ∈ V . When compared to the typical

reinforcement learning algorithms, the existing sequence s1:t−1 = (w0, w1, ..., wt−1) is the

current state, the next token wt selected in the next step is an action sampled from the

policy πθ(wt|s1:t−1). Since we use Gθ to generate the next token, the policy πθ equals to

pG(wt|s1:t−1), which is the conditional probability of wt given s1:t−1 in the generation, and

θ is the parameter set in generator G. Once the generator reaches the end of one sequence

(i.e., s = s1:T ), it receives a ranking reward R(s|U, C) according to the comparison set C and

its related reference set U .

Note that in reinforcement learning, the current reward is compromised by the rewards

from intermediate states and future states. However, in text generation, the generator Gθ



17

obtains the reward if and only if one sequence has been completely generated, which means

no intermediate reward is gained before the sequence hits the end symbol. To relieve this

problem, we utilize the Monte Carlo rollouts methods [18, 155] to simulate intermediate

rewards when a sequence is incomplete. Then, the expected future reward V for partial

sequences can be computed by:

Vθ,φ(s1:t−1, U) = E
sr∼Gθ

[
Rφ(sr|U, C+, s1:t−1)

]
(2.5)

Here, sr represents the complete sentence sampled by rollout methods with the given

starter sequence s1:t−1. To be more specific, the beginning tokens (w0, w1, ..., wt−1) are fixed

and the rest tokens are consecutively sampled by Gθ until the last token wT is generated.

We denote this as the “path” generated by the current policy. We keep sampling n different

paths with the corresponding ranking scores. Then, the average ranking score will be used

to approximate the expected future reward for the current partial sequence.

With the feasible intermediate rewards, we can finalize the objective function for complete

sentences. Refer to the proof in [131], the gradient of the objective function for generator G

can be formulated as:

∇θLθ(s0) = E
s1:T∼Gθ

[
T∑
t=1

∑
wt∈V

∇θπθ(wt|s1:t−1)Vθ,φ(s1:t, U)

]
(2.6)

where∇θ is the partial differential operator. The start state s0 is the first generated token

w0. Es1:T∼Gθ is the mean over all sampled complete sentences based on current generator’s

parameter θ within one minibatch. Note that we only compute the partial derivatives for θ,

as the Rφ is fixed during the training of generator. Importantly, different from the policy

gradients methods in other works [18, 81, 155], our method replaces the simple binary outputs

with a ranking system based on multiple sentences, which can better reflect the quality of

the imitate sentences and facilitate effective training of the generator G.

To train the ranker’s parameter set φ, we can fix the parameters in θ and maximize

Equation (2.1). In practice, however, it has been found that the network model learns better
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by minimizing log(Rφ(s|U, C+)) instead of maximizing log(1 − Rφ(s|U, C+)), where s ∼ Gθ.

This is similar to the finding in [110]. Hence, during the training of Rφ, we maximize the

following ranking objective function:

Lφ = E
s∼Ph

[
logRφ(s|U, C−)

]
− E

s∼Gθ

[
logRφ(s|U, C+)

]
(2.7)

It is worthwhile to note that when the evaluating data come from the human-written

sentences, the comparison set C− should consist of the generated sentences through Gθ;

In contrast, if the estimating data to be ranked belongs to the synthetic sentences, C+

should consist of human-written sentences. We found empirically that this gives more stable

training.

2.3.4 Discussion

Note that the proposed RankGAN has a Nash Equilibrium when the generator Gθ simulates

the human-written sentences distribution Ph, and the ranker Rφ cannot correctly estimate

the rank between the synthetic sentences and the human-written sentences. However, as

also discussed in the literature [35, 36], it is still an open problem how a non-Bernoulli GAN

converges to such an equilibrium. In a sense, replacing the absolute binary predicates with

the ranking scores based on multiple sentences can relieve the gradient vanishing problem

and benefit the training process. In the following experiment section, we observe that the

training converges on four different datasets, and leads to a better performance compared to

previous state-of-the-arts.

2.4 Experiment

Following the evaluation protocol in [155], we first carry out experiments on the data and

the simulator proposed in [155]. Then, we compare the performance of RankGAN with other

state-of-the-art methods on multiple public language datasets including Chinese poems [162],

COCO captions [80], and Shakespear’s plays [123].
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2.4.1 Simulation on synthetic data

We first conduct the test on the dataset proposed in [155]. The synthetic data1 is a set

of sequential tokens which can be seen as the simulated data comparing to the real-word

language data. We conduct this simulation to validate that the proposed method is able to

capture the dependency of the sequential tokens. In the simulation, we firstly collect 10, 000

sequential data generated by the oracle model (or true model) as the training set. Note

that the oracle model we used is a random initialized LSTM which is publicly available1.

During learning, we randomly select one training sentence and one generated sentence from

RankGAN to form the input set C ′
. Then, given a reference sample which is also randomly

selected from the training set, we compute the ranking score and optimize the proposed

objective function. Note that the sentence length of the training data is fixed to 20 for

simplicity.

Following the evaluation protocol in [155], we evaluate the machine-written sentences by

stimulating the Turing test. In the synthetic data experiment, the oracle model, which plays

the role as the human, generates the “human-written” sentences following its intrinsic data

distribution Po. We use these sentences as the ground truth sentences used for training, thus

each model should learn and imitate the sentences from Po. At the test stage, obviously,

the generated sentences from each model will be evaluated by the original oracle model.

Following this, we take the sentences generated by RankGAN as the input of the oracle

model, and estimate the average negative log-likelihood (NLL) [49]. The lower the NLL

score is, the higher probability the generated sentence will pass the Turing test.

We compare our approach with the state-of-the-art methods including maximum likeli-

hood estimation (MLE), policy gradient with BLEU (PG-BLEU), and SeqGAN [155]. The

PG-BLEU computes the BLEU score to measure the similarity between the generated sen-

tence and the human-written sentences, then takes the BLEU score as the reward to update

1The synthetic data and the oracle model (LSTM model) are publicly available at

https://github.com/LantaoYu/SeqGAN
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Method MLE PG-BLEU SeqGAN RankGAN

NLL 9.038 8.946 8.736 8.247

Table 2.1: Performance comparison of different methods on the synthetic data in terms of

the negative log-likelihood (NLL) scores.

the generator with policy gradient. Because PG-BLEU also learns the similarity information

during training, it can be seen as a baseline comparing to our approach. It’s noteworthy

that while the PG-BLEU grasps the similarities depend on the n-grams matching at the

token-level among sentences, RankGAN explores the ranking connections inside the em-

bedded features of sentences. These two methods are fundamentally different. Table 2.1

shows the performance comparison of RankGAN and the other methods. It can be seen

that the proposed RankGAN performs more favourably against the compared methods. Fig-

ure 2.2 shows the learning curves of different approaches with respect to different training

epochs. The vertical dashed line indicates the end of the pre-training of PG-BLEU, SeqGAN

and RankGAN. While MLE, PG-BLEU and SeqGAN tend to converge after 200 training

epochs, the proposed RankGAN consistently improves the language generator and achieves

relatively lower NLL score. The results suggest that the proposed ranking objective, which

relaxes the binary restriction of the discriminator, is able to learn effective language gen-

erator. It is worth noting that the proposed RankGAN achieves better performance than

that of PG-BLEU. This indicates employing the ranking information as the reward is more

informative than making use of the BLEU score that stands on token-level similarities. In

our experiments, we noticed that the results are not sensitive to the size of comparison set

and reference set. The learning curves converge to similar results with different reference

sizes and comparison sizes. However, learning with the large reference size and comparison

set could potentially increase the computational cost.

Conventional GANs employ a binary classifier to distinguish the human-written and
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Figure 2.2: Learning curves of different methods on the simulation of synthetic data with

respect to different training epochs. Note that the vertical dashed line indicates the end of

the pre-training of PG-BLEU, SeqGAN and RankGAN.

the machine-created sentences. Though effective, it is also very restrictive for tasks like

natural language generation, where rich structures and various language expressions need to

be considered. For these tasks, usually a relative quality assessment is more suitable. The

proposed RankGAN is able to perform quality assessment in a relative space, and therefore,

rather than training the discriminator to assign the absolute 0 or 1 binary predicate to the

synthesized or real data sample, we expect the discriminator to rank the synthetic data

compared to the real data in the relative assessment space where better quality judgments

of different data samples can be obtained. Given the rewards with the relative ranking

information, the proposed RankGAN is possible to learn a better language generator than

the compared state-of-the-art methods.
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Method BLEU-2

MLE 0.667

SeqGAN 0.738

RankGAN 0.812

Method Human score

SeqGAN 3.58

RankGAN 4.52

Human-written 6.69

Table 2.2: The performance comparison of different methods on the Chinese poem generation

in terms of the BLEU scores and human evaluation scores.

2.4.2 Results on Chinese poems composition

To evaluate the performance of our language generator, we compare our method with other

approaches including MLE and SeqGAN [155] on the real-word language data. We conduct

experiments on the Chinese poem dataset [162], which contains 13, 123 five-word quatrain

poems. Each poem has 4 sentences, and each sentence contains 5 words resulting in a total

of 20 words. After the standard pre-processing which replaces the non-frequently used words

(appeared less than 5 times) with the special character UNK, we train our model on the

dataset and generate the poem. To keep the proposed method general, our model does not

take advantage of any prior knowledge such as phonology during learning.

Following the evaluation protocol in [155, 162], we compute the BLEU-2 score and es-

timate the similarity between the human-written poem and the machine-created one. Ta-

ble 2.2 summarizes the BLEU-2 score of different methods. It can be seen that the proposed

RankGAN performs more favourably compared to the state-of-the-art methods in terms of

BLEU-2 score. This indicates that the proposed objective is able to learn effective language

generator with real-world data.

We further conduct human study to evaluate the quality of the generated poem in human

perspective. Specifically, we invite 57 participants who are native mandarin Chinese speakers

to score the poems. During the evaluation, we randomly sample and show 15 poems written

by different methods, including RankGAN, SeqGAN, and written by human. Then, we ask
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Method BLEU-2 BLEU-3 BLEU-4

MLE 0.781 0.624 0.589

SeqGAN 0.815 0.636 0.587

RankGAN 0.845 0.668 0.614

Method Human score

SeqGAN 3.44

RankGAN 4.61

Human-written 6.42

Table 2.3: Performance comparison of different methods on the COCO captions in terms of

the BLEU scores and human evaluation scores.

the subjects to evaluate the quality of the poem by grading the poem from 1 to 10 points.

It can be seen in Table 2.2, human-written poems receive the highest score comparing to the

machine-written one. RankGAN outperforms the compared method in terms of the human

evaluation score. The results suggest that the ranking score is informative for the generator

to create human-like sentences.

2.4.3 Results on COCO image captions

We further evaluate our method on the large-scale dataset for the purpose of testing the

stability of our model. We test our method on the image captions provided by the COCO

dataset [80]. The captions are the narrative sentences written by human, and each sentence

is at least 8 words and at most 20 words. We randomly select 80, 000 captions as the training

set, and select 5, 000 captions to form the validation set. We replace the words appeared less

than 5 times with UNK character. Since the proposed RankGAN focuses on unconditional

GANs that do not consider any prior knowledge as input, we train our model on the captions

of the training set without conditioning on specific images.

In the experiment, we evaluate the performance of the language generator by averaging

BLEU scores to measure the similarity between the generated sentences and the human-

written sentences in the validation set. Table 2.3 shows the performance comparison of

different methods. RankGAN achieves better performance than the other methods in terms
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Human-written

Two men happily working on a plastic computer.

The toilet in the bathroom is filled with a bunch of ice.

A bottle of wine near stacks of dishes and food.

A large airplane is taking off from a runway.

Little girl wearing blue clothing carrying purple bag sitting outside cafe.

SeqGAN (Baseline)

A baked mother cake sits on a street with a rear of it.

A tennis player who is in the ocean.

A highly many fried scissors sits next to the older.

A person that is sitting next to a desk.

Child jumped next to each other.

RankGAN (Ours)

Three people standing in front of some kind of boats.

A bedroom has silver photograph desk.

The bears standing in front of a palm state park.

This bathroom has brown bench.

Three bus in a road in front of a ramp.

Table 2.4: Example of the generated descriptions with different methods. Note that the

language models are trained on COCO caption dataset without the images.
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Method BLEU-2 BLEU-3 BLEU-4

MLE 0.796 0.695 0.635

SeqGAN 0.887 0.842 0.815

RankGAN 0.914 0.878 0.856

Table 2.5: Performance comparison of different methods on Shakespeare’s play - Romeo and

Juliet in terms of the BLEU scores.

of different BLEU scores. Some of the samples written by humans, and synthesized by the

SeqGAN and the proposed model RankGAN are shown in Table 2.4. These examples show

that our model is able to generate fluent, novel sentences that are not existing in the training

set, and RankGAN is able to learn effective language generator in a large corpus.

We also conduct human study to evaluate the quality of the generated sentences. We

invite 28 participants who are native or proficient English speakers to grade the sentences.

Similar to the setting in previous section, we randomly sample and show 15 sentences written

by different methods, and ask the subjects to grade from 1 to 10 points. Table 2.3 shows the

human evaluation scores. As can be seen, the human-written sentences get the highest score

comparing to the language models. Among the GANs approaches, RankGAN receives better

score than SeqGAN, which is consistent to the finding in the Chinese poem composition. The

results demonstrate that the proposed learning objective is capable to increase the diversity

of the wording making it realistic toward human-like language description.

2.4.4 Results on Shakespeare’s plays

Finally, we investigate the possibility of learning Shakespeare’s lexical dependency, and make

use of the rare phrases. In this experiment, we train our model on the Romeo and Juliet

play [123] to further validate the proposed method. The script is splited into 2, 500 train-

ing sentences and 565 test sentences. To learn the rare words in the script, we adjust the
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threshold of UNK from 5 to 2. Table 2.5 shows the performance comparison of the proposed

RankGAN and the other methods including MLE and SeqGAN. As can be seen, the pro-

posed method achieves significantly higher BLEU score than the other methods in terms of

different n-grams criteria. The results indicate the proposed RankGAN is able to capture

the transition pattern among the words, even if the training sentences are novel, delicate and

complicated.

2.5 Conclusion

We presented a new generative adversarial network, RankGAN, for generating high-quality

natural language descriptions. Instead of training the discriminator to assign absolute bi-

nary predicate to real or synthesized data samples, we propose using a ranker to rank the

human-written sentences higher than the machine-written sentences relatively. We then train

the generator to synthesize natural language sentences that can be ranked higher than the

human-written one. By relaxing the binary-classification restriction and conceiving a rela-

tive space with rich information for the discriminator in the adversarial learning framework,

the proposed learning objective is favorable for synthesizing natural language sentences in

high quality. Experimental results on multiple public datasets demonstrate that our method

achieves significantly better performance than previous state-of-the-art language generators.
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Chapter 3

COMPARATIVE ADVERSARIAL LEARNING FOR DIVERSE
IMAGE CAPTIONING

3.1 Introduction

Image caption generation has attracted great attentions due to its wide applications in many

fields, such as semantic image search, image commenting in social chat bot, and assistance

to visually impaired people. Benefiting from recent advancements of deep learning, most

existing works employ convolutional neural networks (CNNs) and deep recurrent language

models, and have achieved great performance improvement on automatic evaluation metrics,

such as BLEU [97], CIDEr [134], etc.

Despite such successes, machine-generated captions are often in a generic format and can

be easily differentiated from human-written captions, which tend to be more descriptive and

diverse. As most state-of-the-art image caption algorithms are learning-based, to best match

with the ground truth captions, such algorithms often produce high-frequency n-gram pat-

terns or common expressions. As a result, the generated image captions receive high scores

on automatic evaluation metrics, yet lack a significant characteristic in human language -

diversity across different images. From human perspectives, as demonstrated in [54], each

image possesses its own specificity, and accordingly its related captions should acquire its

distinctiveness, leading to diverse captions for different images. In general, distinctive de-

scriptions are often pursued by human, who can easily distinguish a specific image among a

group of similar images. In this chapter, our goal is to generate diverse and accurate captions

which are similar to human-written descriptions.

Recent success of Generative Adversarial Networks (GANs) [93] provides a possible way

to generate diverse captions [18, 125]. In this setting, a caption generator and a discriminator
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GT: a man with glasses and his eyes closed dressed in a black shirt and a necktie

 MLE:
    a man wearing a suit and tie 
    G-GAN:
    a young man in business gear poses 
    for the camera 
    CAL (ours):
    a man with glasses wearing a striped 
    tie and black suit
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GT: there is a cow on the sidewalk standing in front of a door

    MLE:
    a cow standing on the side of a street
    G-GAN:
    a brown cow standing in a city

 CAL (ours):
    a large cow walking on a side street 
    in front of a door

0.50 
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0.73

0.68
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Figure 3.1: Captions generated by MLE, conditional GANs (G-GAN) with binomial scores

and our comparative adversarial learning network (CAL) with comparative scores. The

shown scores are evaluated by the discriminators in G-GAN and CAL, respectively. The

proposed adversarial framework estimates comparative scores by comparing a collection of

captions, leading to more accurate and discriminative rewards for caption generator.

are jointly trained by a binomial distribution, which estimates the relevance and quality of

the captions to the image. However, due to the large variability of natural language, a

binary predictor is usually incapable of representing the richness and diversity of captions.

To ensure semantic relevance, a regularization term for distinguishing mismatched captions

must be included during training.

In contrast to assigning an absolute score to a caption for one image, we noticed that

it is relatively easier to distinguish the qualities of two captions by comparison. Motivated

by this, we propose a comparative adversarial learning (CAL) network to learn human-like

captions. Specifically, contrary to an absolute binary score for one caption, the quality of the

caption is assessed relatively by comparing it with other captions in the image-caption space.
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In adversarial learning, the proposed discriminator ranks the human references, which are

more specific and distinctive, higher than generic captions that have high-frequency n-gram

patterns or common expressions. Consequently, with the guides from the discriminator, the

generator effectively learns to generate more specific and distinctive captions, hence increases

the diversity across the corpus. In summary, our main contributions lie in three aspects:

• We propose a novel comparative adversarial learning network, which is capable of gen-

erating more diverse and better captions across images by comparing different captions.

• By suppressing the scores of image-mismatched captions, especially for those from

similar images, the proposed comparative learning framework can inherently ensure

semantic relevance without involving an regularization term for mismatched captions.

• To effectively measure the caption diversity across images, we propose a new metric

based on the semantic variance from caption embedding features. Additionally, ex-

perimental results clearly demonstrate the effectiveness of the proposed framework in

terms of diversity and quality.

3.2 Related Work

Diverse Image Captioning. Most image captioning systems use an encoder-decoder

framework which shares a similar idea as sequence learning [128, 32, 133, 101, 100]. Typi-

cally, the networks are trained by maximum likelihood estimation (MLE) [137, 62, 152, 30] or

reinforcement learning [114, 113, 82, 4, 87, 84]. Although such methods achieve outstanding

performances on conventional evaluation metrics, such as BLEU, CIDEr, etc., the generated

captions usually consist of high-frequency n-gram patterns but lose the diversity across im-

ages and thus are unnatural to human. To remedy this weakness, diverse beam search and

ensemble methods [135, 143] have been proposed. [141, 11] work on diverse image captioning

by using variational auto-encoders. To achieve better caption diversity, [18, 125] incorporate

generative adversarial networks (GANs) into image captioning systems, with a binary-based
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Figure 3.2: Comparative Adversarial Learning Network. The discriminator D is trained over

comparative relevance scores for each image by comparing a generated caption g, a human-

written caption h, and unrelated captions u. The generator G is optimized by policy gradient

where the reward is estimated by the expectation of the comparative relevance score g over

K rollout simulation captions.

discriminator. However, in sequence adversarial training, a binary-based discriminator is

easily trained much stronger than the generator [12, 42, 79], resulting in less distinguish-

able rewards or gradient vanishing problems for the generator (Figure 3.1). Our proposed

adversarial framework estimates comparative scores by comparing a collection of captions,

leading to more accurate and discriminative rewards for caption generator. To generate cap-

tions with correct semantic relevance, [18, 125] must train the binary discriminator under an

additional regularization.

In this chapter, we propose a comparative adversarial learning framework that explicitly

estimates the quality of captions in a more discriminative way, which in turn helps the

generator to produce more diverse captions while maintaining the caption correctness without

the additional discriminator regularization.
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Diversity Metrics. Automatic evaluation metrics such as BLEU, CIDEr-D, etc., have

been widely applied for evaluating the quality of generated captions. Nonetheless, the eval-

uation of diversity across captions is still an open problem. Human language, inherited

immense complexity and sophisticated interpretation, poses a thorny problem for develop-

ing standard criterion. [73, 135, 52] measure the degree of diversity by analyzing distinct

n-grams or word usages for generated sentences with respect to ground truths. This reflects

an inventiveness for generated sentences, but not a diversity aspect among all the generated

sentences. To estimate the caption diversity at the token level, [125, 141, 20] inspect n-gram

usage statistics and the size of vocabulary in all generate captions. However, the diversity of

sentences is not only represented by various word or phrase usages, but also variant long-term

sentence patterns and even implications of sentences. A simple n-gram statistics is unable to

assess the diversity at the sentence level. In this chapter, we propose a novel diversity metric

based on semantic sentence features which compensate the defects of previous methods.

3.3 Proposed Model

As shown in Figure 3.2, the proposed Comparative Adversarial Learning (CAL) Network

consists of a caption generatorG and a comparative relevance discriminator (cr-discriminator)

D. The two subnetworks play a min-max game as follow:

min
θ

max
φ
L(Gθ, Dφ), (3.1)

in which L is an overall loss function, while θ and φ are trainable parameters in G and

D, respectively. Given a reference image I, the generator Gθ outputs a sentence g as the

corresponding caption. Dφ aims at correctly estimating the comparative relevance score (cr-

score) of g with respect to human-written caption h within the image-caption joint space.

Gθ is trained to maximize the cr-score of g and generate human-like descriptions trying to

confuse Dφ. We will elaborate each subnetwork in the following sections.
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3.3.1 Caption Generator

Our caption generator Gθ is based on the standard encoder-decoder architecture [137]. The

captioning image encoder model FG first extracts a fixed dimensional feature from image

I using a CNN. Then a text decoder, implemented by a long short-term memory (LSTM)

network, interprets the encoded feature FG(I) into a word sequence g0:T = (g0, ..., gT ) to

describe image I, where gt is a token in time step t and T is the maximum time step. To

produce captions with more variations, the input feature FG(I) can be varied by concatenat-

ing with a random vector z. The notation of z will be ignored in the rest parts for simplicity.

In time step t generation, the next token gt can be sampled by:

gt ∼ πθ(gt|I, g0:t−1), t ∈ (1, T ). (3.2)

πθ is a word distribution, determined by inputs and θ, over all the words in vocabulary

V . By sequentially sampling or greedy decoding words according to πθ, a complete caption

g1:T can be generated by captioner Gθ. In comparative adversarial training, Gθ expects to

produce better captions with higher cr-scores. However, unlike cross-entropy loss in the

MLE method, the cr-score of g1:T estimated by discriminator Dφ is based on discrete tokens,

whose gradients cannot be directly employed for Gθ through back-propagation. Therefore,

we adopt a common technique - Policy Gradient method [130] to solve this gradient issue.

The details will be discussed in Section 3.3.3.

3.3.2 Comparative Relevance Discriminator

Dai et al.[18] propose to estimate the semantic relevance, naturalness, and quality of a

generated caption by a logistic function over the similarity between the caption and the

given image. However, an absolute binary value is very restrictive to evaluate them all,

especially the quality of a caption. To evaluate a discriminative score, it is more justifiable

to compare a generated caption with other captions, primarily with human-written caption

h. Therefore, we formulate a comparative relevance score (cr-score) to measure an overall



33

Discriminator
𝐷𝐷

… …

Comparative relevance score

𝑔𝑔 …

…ℎ

…𝑢𝑢

…
…

Discriminator’s 
goal

𝑔𝑔 …

…ℎ

…𝑢𝑢

…
…

Generator’s 
goal

Adversarial 
Learning

…ℎ
Human-written caption

…𝑢𝑢
Unrelated caption

𝑔𝑔 …

Generated caption

High score

Low score

Image feature 

Text feature Text feature 

High score

Low score

𝑓𝑓𝐼𝐼

𝑒𝑒𝑔𝑔
𝑒𝑒𝑢𝑢

𝑒𝑒ℎ

Figure 3.3: Training objectives in our adversarial learning. While the discriminator desires to

judge human-written captions correctly with higher cr-scores, the generator aims to produce

captions with higher cr-scores and thus confusing the discriminator.

image-text quality of caption c by comparing a set of captions Cc given image I:

Dφ(c|I, Cc) =
exp(γS(ec, fI)∑

c′∈Cc exp(γS(ec′ , fI))
, (3.3)

where Cc denotes a set of captions including c, and the cr-score of c is what we care about

here. ec and fI are the text feature and image feature extracted by the text encoder and

CNN image encoder FDφ in discriminator Dφ, respectively. The cosine similarity between

ec and fI is defined as S(ec, fI) = (eTc fI)/(‖ec‖‖fI‖). ‖‖ is the L2 Euclidean norm. γ is an

empirical parameter defined by validation experiment. A higher γ leads Dφ(c|I, Cc) towards

the caption that better matches with image I.

Dφ(c|I, Cc)) estimates the cr-score of caption c by comparing with other captions in the

image-caption joint space - a higher score represents caption c is superior in Cc. To obtain

more accurate cr-score for c, it is favorable to include human-written caption h for image I in

Cc. In this case, the cr-score of c contains a discrepancy information between caption c and

human-written caption h. The discriminator is designed to differentiate generated captions

from human-written captions for image I. Specifically, from the discriminator’s perspective,
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a human-written caption desires to receive a higher cr-score, whereas a generated caption

should receive a lower cr-score (Figure 3.3). Hence, the objective function to be maximized

for discriminator can be defined as:

E
h∼Ph

[
logDφ(h|I, Ch)

]
+ E

g∼Gθ
[log(1−Dφ(g|I, Cg)] , (3.4)

where Ph(I) represents human-written caption distribution given image I. Set Ch and

Cg encloses a human-written caption h, a machine-generated caption g, and other unrelated

captions u. In experiments, u can be directly obtained from image-mismatched captions in

one mini-batch.

3.3.3 Policy Gradient Optimization for Gθ

In contrast to Dφ, the caption generator Gθ attempts to maximize the cr-scores of machine-

generated captions and thus fool the discriminator (Figure 3.3). However, the cr-scores of a

generated caption g are assessed by Dφ based on a series of sequential discrete samples, which

are non-differentiable during training. We address this problem by a classic policy gradient

method [130]. Considering in each time step t, the generation of each word gt is an action

of an ”agent” Gθ from policy πθ according to the current state (I, g0:t−1). An intermediate

reward r for this action is approximated as the expected future reward:

Qθ(gt|I, g0:t−1) = E
gt+1:T

[r(g0:t−1, gt, gt+1:T |I)]. (3.5)

The action reward r can be any metric, including the cr-score from Dφ. Unfortunately,

the discriminator cannot provide a score unless a complete sentence is generated. The lack

of intermediate rewards will result in a gradient vanishing problem. To imitate an accurate

intermediate reward, following [155], we deploy a K-times Monte Carlo rollout process con-

ditioned on the current caption generator Gθ to explore the rest unknown words gt+1:T . Then

the intermediate reward for action gt can be approximated by the expected cr-score over K
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rollout simulation captions:

Qθ,φ(gt|I, g0:t−1) ' 1

K

K∑
k=1

Dφ(gk,t|I, Cgk,t), (3.6)

where gk,t = g0:t−1, gt⊕ ḡt+1,T , and ḡt+1,T is sampled from Gθ by the rollout method. ⊕ is the

token concatenation operator. Besides, t ∈ (1, T − 1), as g0 is a start token and Gθ receives

an accurate reward once generating a full sequence. Cgk,t contains a simulated caption gk,t,

a human-written caption h and other unmatched descriptions u, corresponding to the image

I. To train the generator, the objective is to optimize the policy and adjust the generator to

receive a maximum long-term reward - higher cr-scores for generated captions in each time

step (Figure 3.3). In the end, the gradient for updating generator Gθ can be finalized by:

E
g∼Gθ

T∑
t=1

∇θπθ(gt|I, g0:t−1) ·Qθ,φ(gt|I, g0:t−1), (3.7)

where gt is an intermediate token belonging to g at time step t. The goal of the generator is

to maximize the expected cr-scores of generated captions.

3.3.4 Comparisons with Previous Models

During discriminator training, [18, 125] introduce a regularization term to learn image-

caption matching by minimizing binary scores of mismatched captions u (last term in the

below equation):

E
h,g,u

logDb(h|I) + log(1−Db(g|I)) + log(1−Db(u|I)), (3.8)

where Db is a binary discriminator. However, the cr-discriminator Dφ can naturally learn

such image-caption matching by placing mismatched captions in the comparison set Ch

with true captions h and generated captions g. Specifically, by enlarging the cr-score of the

matched image-caption pair (h, I) in set Ch, Dφ can consistently distinguish its corresponding

caption from others, and suppress the scores for mismatched descriptions u (Equation (3.3)).

Dφ can in turn help the caption generator Gθ produce diverse captions for corresponding
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images, ensuring semantic relevances of generated captions. Meanwhile, the binary discrim-

inator Db separates the decisions on g and h. The proposed network simply combines the

two separate decisions into a single ranking process. The cr-score of the generated captions

are estimated by contrasting human-written sentences subject to image I. This can assist

the cr-score to comprise more informative guidances, including both naturalness and quality

from ground truths, benefiting the training of the caption generator Gθ.

3.4 Experiment

Models. To test the effectiveness of the proposed Comparative Adversarial Learning (CAL)

network, we compare two baseline models:

• MLE: We use LSTM-R [30] based on the mainstream CNN-LSTM architecture as our

MLE baseline model. The training follows the standard MLE method.

• Adversarial models: We use G-GAN [18] as the baseline model for diverse image

captioning (G represents the generator). The corresponding discriminator Db outputs

a binary score in [0, 1] through a logistic function over the dot product between image

and text features (Equation (3.8)).

To make a fair comparison, all image features for generators and discriminators are ex-

tracted by ResNet-152 [43] (we reimplement G-GAN by using ResNet-152 network as image

encoders). Following [62], we convert all the captions to lowercases and remove its non-

alphabet characters. We also discard the tokens with frequency less than 5 in the training

dataset, resulting in a vocabulary size of 8,791. Both image encoders FGθ and FDφ in the

generator and discriminator are implemented using ResNet [43] with 152 layers, separately.

The image activations in the pool5 layer are extracted, yielding 2048-dimensional image fea-

tures. Noise vector z with 100-dimensions is sampled from a uniform distribution. All the

image features are projected to 512 dimensions by fully connected layers. The text-decoder

in the generator and the text-encoder in the discriminator are all implemented using LSTMs

with 512 hidden nodes. We use the last hidden activations from the text-encoder as text

feature, which shares the same dimension with the projected image feature.
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Training. Before adversarial training, the caption generator Gθ in both adversarial models

is pretrained by the standard MLE method [137] [62] for 20 epochs, and the cr-discriminator

is pretrained according to Equation (3.4) for 10 epochs. During the experiment, we found

the generator pretraining is necessary, otherwise it will encounter mode collapse problem

and generate nonsense captions. On the other hand, pretraining discriminator helps more

stable training later. In the adversarial learning stage, two sub-networks are trained jointly,

in which every one generator iteration is followed by 5 discriminator iterations. We set the

learning rate to 0.0005 and the batch size to 64. In each mini-batch with 64 image-caption

pairs, all other 63 captions that are not corresponding to the correct image are used as the

unrelated captions during training. The rollout number K is empirically set to 16, and γ is

set to 10. During testing, the generated captions are sampled based on policy and the one

with the best cr-score is chosen for evaluation.

Dataset. We conduct all experiments on the MSCOCO dataset [80]. MSCOCO contains

123,287 images, each being annotated with at least 5 human-written captions. All our

experiments are based on the public split method from [62]: 5000 images for both validation

and testing, and the rest for training.

Evaluation. We evaluate the generated captions based on both the correctness and diver-

sity metrics, which guarantee the generation quality in each aspect. While the correctness

of the generated captions is measured by common captioning metrics (e.g., BLEU [97],

CIDEr [134], etc), the diversity across various images is evaluated by the proposed metric

based on caption embedding features.

Consider each image is annotated by one caption, whose embedding feature is extracted

by a same text encoder. Ideally, all embedding features are identical and the feature variance

is zero if all the images have same captions. Conversely, a large variance would present if

all the captions were distinct. Thus, the variance across embedding features reflects the

diversity of captions on a semantic-level. To measure the variance, all the text embedding
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Model BLEU-4 METEOR ROUGE CIDEr SPICE

Human 0.190 0.240 0.465 0.861 0.208

MLE 0.297 0.252 0.519 0.921 0.175

G-GAN 0.208 0.224 0.467 0.705 0.156

CAL (ours) 0.213 0.225 0.472 0.721 0.161

Table 3.1: Performance comparisons on MSCOCO test set. In human result, a sentence

randomly sampled from ground-truth annotations is evaluated by the rest annotations for

each image.

features can be concatenated into a feature matrix A ∈ Rm×n, where m is the number of

captions and n is the dimensions of the embedding feature. To estimate the correlation σi

in each dimension, the covariance matrix M ∈ Rn×n of A can be computed. Then, σi can be

obtained by singular value decomposition (SVD): M = UΣV T , where Σ = diag(σ0, ..., σn−1);

U and V T are m×m and n× n unitary matrix.

Finally, we use l1-norm σ̂ =
∑n−1

i=0 |σi| to evaluate an overall variance in all dimensions

among caption embedding features. A large variance σ̂ suggests the embedding features

of captions are less akin or correlated, representing more distinctive expressions and larger

diversity among image captions.

3.4.1 Accuracy

We first evaluate the generated captions from different models on five automatic metrics:

BLEU4 [97], METEOR [7], ROUGE L [78], CIDEr-D [134] and SPICE [3]. As can be

seen in Table 3.1, although our method CAL slightly outperforms the baseline G-GAN, the

standard MLE model yields remarkably better results, even outperforms human. However,
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Figure 3.4: Human evaluation results by comparing model pairs. The majority of respondents

agree that our proposed CAL generates better captions than the two baselines. The numbers

in the figure represent the ratio of total survey cases.

as discussed by [18, 125], these evaluation metrics overly focus on n-grams matching with

ground truth captions and ignore other important human language factors such as diversity.

The captions, written with variant expressions, have fewer n-grams matched with ground

truths. As a result, captions with novel expressions from the human and adversarial models

receive lower scores on these metrics. These metrics particularly represent the quality of

pattern matching, instead of the overall quality from human perspective.

3.4.2 Human Evaluation

To correlate with human judgments on the correctness of captions, we conducted human

evaluation experiments on Amazon Mechanical Turk. Specifically, we randomly sampled

300 images from test set. Then, given an image with two generated captions from different

models, subjects are asked to choose one caption that best describes the image. We received

more than 9000 responses in total and the results are summarized in Figure 3.4. The numbers

in the figure represent the ratio of total survey cases. It can be seen that the majority of

people consider the captions from G-GAN and especially our CAL better than those from

the standard MLE method. This illustrates that despite both adversarial models perform
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Category MLE G-GAN CAL(ours) Human

Bathroom 2.733 6.145 6.501 9.066

Computer 3.710 6.012 7.228 8.943

Pizza 3.837 5.779 6.805 9.117

Building 4.019 5.940 6.088 9.344

Cat 4.196 5.225 6.473 9.155

Car 4.968 5.910 6.661 8.741

Daily supply 5.056 6.204 7.330 9.075

All Categories 6.947 7.759 8.812 9.465

Table 3.2: Diversity evaluations across various image categories.

poorly on automatic metrics, the generated captions are of higher quality in terms of human

views. In the comparison between CAL and G-GAN, our model can generates more human-

like captions that receive more acknowledgements. This demonstrates that, by exploiting

more comparative relevance information against ground truth and other captions instead of

solely on image, the proposed CAL effectively improves the caption generator and achieves

better captions.

3.4.3 Diversity

To compare the capabilities of generating diverse expressions, we measure the variances of

captions from different models across images. All the embedding features are extracted

using the same text-encoder in our framework. Besides estimating the variance across all

the images in the test set, we also inspect the variances inside different image categories.

Particularly, We use the K-means method to cluster the input image features, and select

six clusters with high-frequency topics. All the results are summarized in Table 3.2. It can

be seen that despite the MLE method performs well on automatic metrics, the variance of
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captions is relatively lower across different images. As shown in Figure 3.5, the MLE model

often generates similar expressions and meanings within one category, even if the images are

distinct.

In contrast to the MLE model, both adversarial models, especially our proposed CAL,

can generate more diverse captions with respects to distinct images. G-GAN uses a binary

discriminator to separates the decisions on machine-generated and human-written captions.

Compared to G-GAN, our network trained by comparative learning binds the information

of human-written captions which possess highest diversity characteristics as indicated in

Table 3.2. The comparative learning also encourages the distinctiveness of the generated

captions by suppressing the cr-scores of mismatched captions, especially for those from akin

images. These allow our caption generator to produce more descriptive captions for different

images. As expected, the variance of captions from our model is larger than that from

G-GAN across all the images. Similar trends can be observed inside different categories.

This suggests that our proposed CAL has better generative capability than the baseline

G-GAN and helps bridge the gap between machine-generated and human-written captions.

Figure 3.6 shows that the CAL model is able to generate diverse captions for each image.

3.4.4 Ablation Study

We study the diversity effect of each component in our network on MSCOCO val set. The

results are summarized in Table 3.3, where we can see that the sampling decoding and noise

vectors bring a certain amount of diversity. The proposed comparative relevance discrimina-

tor compares different captions and maximizes the scores of the generated captions among

a set of references, resulting in an even larger diversity gain.

3.4.5 Network Effectiveness

We further investigate the effectiveness of adversarial models by a caption-image matching

experiment [18, 17]. Specifically, if all the generated captions have enough diversity and the

adversarial discriminator is good enough to distinguish related and unrelated image-caption
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mirror
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P
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L
E a pizza sitting on top of

a white plate

a pizza sitting on top of

a white plate

a close up of a pizza on

a table
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a pan
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A
N a pizza on a plate on a

wooden table

a pizza sitting on a plate

next to a glass of wine

the pizza is covered with

cheese and tomatoes
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pizza on a plate

C
A

L a cheese pizza on a plate

sits on a table

a plate of pizza and a

glass of beer on the ta-

ble

a pizza topped with lots

of toppings is ready to

be cut

a partially eaten pizza is

being cooked on a pan
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E a green truck parked in

a parking lot
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N a green garbage truck in
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a city street filled with
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Figure 3.5: Qualitative results illustrate that adversarial models, especially our proposed

CAL, can generate more diverse descriptions.
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z1

a man holding a rope

while skateboarding a

small wave

a baseball game is in

progress with the large

crowd watching

twin skiers stand on skis

on a snowy hillside

a crowd of people are

having a meal and

drinking beer at a table

z2
a person is trying to flip

while skiing water

a person in jersey hold-

ing a baseball bat in

swing position

two people in ski gear

standing on a snowy

slope

a group of people are

eating outside at a

restaurant

z3
there is a male surfer

that is riding a wave

a batter catcher and

umpire during a base-

ball game

two skiers on a thick

snow covered mountain

many people are sitting

on tables at a restaurant

Figure 3.6: Qualitative results of images captions generated by comparative adversarial

learning network with different random vector z.

Adversarial Model

Beam search Sampling Noise Comparative learning Diversity

XXX 7.078

XXX 7.331

XXX XXX 7.784

XXX XXX XXX 8.845

Table 3.3: Ablation study of caption diversity of our adversarial model. Beam search

and Sampling indicate beam search and sampling decoding respectively. Noise denotes

adding noise vectors in decoding. Comparative learning represents our discriminator

with comparative learning.

pairs, the corresponding image could be easily retrieved by the discriminator when given its

own caption. For each adversarial model, we can use its generated caption as a query to rank
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Model R@1 R@3 R@5 R@10

MLE 3.03 8.67 12.75 20.54

G-GAN 16.07 33.66 43.80 59.74

G-GAN w/o reg. 14.24 30.28 40.11 56.13

CAL (ours) 18.81 36.56 46.84 62.57

Table 3.4: Caption-image retrieval comparison evaluated on MSCOCO test set. Captions

are all self-generated by each model. G-GAN w/o reg. denotes the G-GAN model with-

out the regularization term in the discriminator. The recall ratio is calculated by ranking

discriminator’s scores based on caption-image pairs.

all images, based on the similarity scores from corresponding discriminators. Then a recall

ratio can be calculated by inspecting the top-k resulting images in the ranked list. Since the

MLE model is not an adversarial model, we use the discriminator from G-GAN to retrieve

the generated captions, providing a baseline for comparison.

We summarize the performance comparison in Table 3.4. Captions are all self-generated

by each model. Although captions from MLE commonly describe images well, they are

less diverse for different images, resulting in a poor retrieval performance. Meanwhile, our

proposed CAL outperforms all the other models, including the adversarial model G-GAN.

This further demonstrates that CAL can produce more diverse captions for all images. In

Table 3.4, it is noteworthy that the G-GAN model needs an regularization term to sustain

better semantic relevance of captions. Without such regularization, our CAL model still

improves discernibility on caption-image pairs. It proves that the cr-discriminator in our

proposed network can provide more accurate rewards during adversarial training, leading to

a better caption generator.
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3.5 Conclusion

We presented a comparative adversarial learning network for generating diverse captions

across images. A novel comparative learning schema is proposed for the discriminator, which

better assesses the quality of captions by comparing with other captions. Thus more caption

properties including correctness, naturalness, and diversity can be taken into consideration.

This in turn benefits the caption generator to effectively exploit inherent characteristics

inside human languages and generate more diverse captions. We also proposed a new caption

diversity metric in the semantic level across images. Experimental results clearly demonstrate

that our proposed method generates better captions in terms of both accuracy and diversity

across images.
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Part II

TEXT EDITING FOR LANGUAGE GENERATION
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Chapter 4

DOMAIN ADAPTIVE TEXT STYLE TRANSFER

4.1 Introduction

Text style transfer, which aims to edit an input sentence with the desired style while pre-

serving style-irrelevant content, has received increasing attention in recent years. It has been

applied successfully to stylized image captioning [29], personalized conversational response

generation [158], formalized writing [109], offensive to non-offensive language transfer [24],

and other stylized text generation tasks [1, 166].

Text style transfer has been explored as a sequence-to-sequence learning task using par-

allel datasets [55]. Parallel dataset denotes that each sentence expressed in one style in the

dataset is annotated with a corresponding sentence written in another different style. How-

ever, parallel datasets are often not available, and hand-annotating sentences in different

styles is expensive. The recent surge of deep generative models [64, 35] has spurred progress

in text style transfer without parallel data by learning disentanglement [46, 124, 28, 75, 102].

These methods typically require massive amounts of data [126], and may perform poorly in

limited data scenarios.

A natural solution to the data-scarcity issue is to resort to massive data from other

domains. However, directly leveraging abundant data from other domains is problematic due

to the discrepancies in data distribution on different domains. Different domains generally

manifest themselves in domain-specific lexica. For example, sentiment adjectives such as

“delicious”, “tasty”, and “disgusting” in restaurant reviews might be out of place in movie

reviews, where the sentiment words such as “imaginative”, “hilarious”, and “dramatic” are

more typical. Domain shift [40] is thus apt to result in feature misalignment.

In this work, we take up the problem of domain adaptation in scenarios where the target
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domain data is scarce and misaligned with the distribution in the source domain. Our goal

is to achieve successful style transfer into the target domain, with the help of the source

domain, while the transferred sentences carry relevant characteristics in the target domain.

We present two first-of-their-kind domain adaptive text style transfer models that facili-

tate domain-adaptive information exchange between the source and target domains. These

models effectively learn generic content information and distinguish domain-specific infor-

mation. Generic content information, primarily captured by modeling a large corpus from

the source domain, facilitates better content preservation on the target domain. Meanwhile,

domain-specific information, implicitly imposed by domain vectors and domain-specific style

classifiers, underpins the transferred sentences by generating target-specific lexical terms.

Our contributions in this paper are threefold: (i) We explore a challenging domain adap-

tation problem for text style transfer by leveraging massively-available data from other

domains. (ii) We introduce simple text style transfer models that preserve content and

meanwhile translate text adaptively into target-domain-specific terms. (iii) We demonstrate

through extensive experiments the robustness of these methods for style transfer tasks (sen-

timent and formality) on multiple target domains where only limited non-parallel data is

available.

4.2 Related Work

Text Style Transfer. Text style transfer using neural networks has been widely studied

in the past few years. A common paradigm is to first disentangle latent space as content and

style features, and then generate stylistic sentences by tweaking the style-relevant features

and passing through a decoder. [46, 28, 124, 154, 34, 79] explored this direction by assuming

the disentanglement can be achieved in an auto-encoding procedure with a suitable style

regularization, implemented by either adversarial discriminators or style classifiers. [75, 151,

164] achieved disentanglement by filtering the stylistic words of input sentences. Recently,

[102] has proposed to use back-translation for text style transfer with a de-noising auto-

encoding objective [86, 126]. Our work differs in that we leverage domain adaptation to deal
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with limited target domain data, whereas previous methods require massive target domain

style-labelled samples.

Domain Adaptation. Domain adaptation has been studied in various natural language

processing tasks, such as sentiment classification [105], dialogue system [144], abstractive

summarization [47, 163], machine translation [65, 5, 122, 90], etc. However, little or no work

explores domain adaptation on text style transfer. To the best of our knowledge, we are the

first to explore the adaptation of text style transfer models to a new domain with limited non-

parallel data available. The task requires both style transfer and domain-specific generation

on the target domain. To differentiate different domains, [121, 16] appended domain tokens

to the input sentences. Our model uses learnable domain vectors combining domain-specific

style classifiers, which force the model to learn distinct stylized information in each domain.

4.3 Preliminary

We first describe a standard text style transfer approach, which only considers data in the

target domain. We limit our discussion to the scenario where only non-parallel data is

available, since large amounts of parallel data is typically not feasible.

Given a set of style-labelled sentences T = {(xi, li)}Ni=1 in the target domain, the goal

is to transfer sentence xi with style li to a sentence x̃i with another style l̃i, where l̃i 6= li.

li, l̃i belong to a set of style labels lT in the target domain: li, l̃i ∈ lT . Typically, an encoder

encodes the input xi to a semantic representation ci, while a decoder controls or modifies

the stylistic property and decodes the sentence x̃i based on ci and the pre-specific style l̃i.

Specifically, we denote an encoder-decoder model as (E,D). The semantic representation

ci of sentence xi is extracted by the encoder E, i.e., ci = E(xi). The decoder D aims to learn

a conditional distribution of x̃i given the semantic representation ci and style l̃i:

pD(x̃i|ci, l̃i) =
T∏
t=1

pD(x̃ti|x̃<ti , ci, l̃i), (4.1)

where x̃ti is the tth token of x̃i, and x̃<ti is the prefix of x̃i up to the tth token.
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Directly estimating Eqn. (4.1) is impractical during training due to a lack of parallel

data (xi, x̃i). Alternatively, the original sentence xi should have high probability under the

conditional distribution pD(xi|ci, li). Thus, an auto-encoding reconstruction loss could be

formulated as:

LTae = − E
xi∼T

log pD(xi|ci, li) . (4.2)

Note that we assume that the decoder D recovers xi’s original stylistic property as accurate as

possible when given the style label li. To achieve text style transfer, the decoder manipulates

the style of generated sentences by replacing li with a desired style l̃i. Specifically, the

generated sentence x̃i is sampled from x̃i ∼ pD(x̃i|ci, l̃i). However, by directly optimizing

Eqn. (4.2), the encoder-decoder model tends to ignoring the style labels and collapses to a

reconstruction model, which might simply copy the input sentence, hence fails to transfer

the style. To force the model to learn meaningful style properties, [46, 45] apply a style

classifier for the style regularization. The style classifier ensures the encoder-decoder model

to transfer x̃i with its correct style label l̃i:

LTstyle = − E
x̃i∼pD(x̃i|ci,l̃i)

log PCT (l̃i|x̃i) , (4.3)

where CT is the style classifier pretrained on the target domain. The overall training objective

for text style transfer within the target domain T is written as:

LT = LTae + LTstyle . (4.4)

4.4 Proposed Model

In this section, we present Domain Adaptive Style Transfer (DAST) models to perform

style transfer on a target domain by borrowing the strength from a source domain, while

maintaining the transfer to be domain-specific.

4.4.1 Problem Definition

Suppose we have two sets of style-labelled sentences S = {(x′i, l′i)}N
′

i=1, T = {(xi, li)}Ni=1 in the

source domain S and the target domain T , respectively. x′i denotes the ith source sentence.
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Encoder Decoder

Shared Shared

Source domain

Encoder Decoder

Target domain

Encoder Decoder

Shared Shared

Source domain

Encoder Decoder

Target domain

Figure 4.1: Illustration of the proposed DAST-C (left) and DAST (right) model. DAST-

C learns the generic content information through LSae on massive source domain data with

unknown style lu. For DAST, dT , dS and CT , CS denote domain vectors and domain-specific

style classifiers, respectively. Better looked in color.

l′i denotes the corresponding style label, which belongs to a source style label set: l′i ∈ lS

(e.g., positive/negative). l′i can be available or unknown. Likewise, pair (xi, li) represents

the sentence and style label in the target domain, where li ∈ lT .

We consider domain adaptation in two settings: (i) the source style lS is unknown, e.g.,

we may have a large corpus, such as Yahoo! Answers, but the underlying style for each

sample is not available; (ii) the source styles are available, and are the same as the target

styles, i.e., lT = lS , e.g., both IMDB movie reviews and Yelp restaurant reviews have the

same style classes (negative and positive sentiments).

In both scenarios, we assume that the target domain T only has limited non-parallel

data. With the help of source domain data S, the goal is to transfer (xi, li) to (x̃i, l̃i) in the

target domain. The transferred sentence x̃i should simultaneously hold: (i) the main content

with xi, (ii) a different style l̃i from li, and (iii) domain-specific characteristics of the target

data distribution T .

4.4.2 DAST with unknown-stylized source data

In this section, we investigate the case that the source style lS is unknown. We first examine a

drawback of limited target data to motivate our method. With limited target data, Eqn. (4.4)
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may yield an undesirable transferred text, where the generated text tends to use the most

discriminative words that the target style prefers while ignoring the content. This is because

the classifier CT typically requires less data to train than a sequence autoencoder (E,D).

The classifier objective LTstyle thus dominates Eqn. (4.4), rendering the generator to bias the

sentences with most representative stylized (e.g., positive or negative) words rather than

preserving the contents (see Table 4.4 for examples).

We consider alleviating this issue by leveraging massive source domain data to enhance the

content-preserving ability, though the underlying styles in the source domain are unknown.

By jointly training an auto-encoder on both the source and target domain data, the learned

generic content information enables the model to yield better content preservation on the

target domain.

To utilize the source data, we consider that lS only contains a special unknown-style label

lu, separated from the target style lT . We assume the semantic representation of the source

data c′i is encoded by the encoder, i.e., c′i = E(x′i). The decoder takes c′i with style lu to

generate the sentences on the source domain. The auto-encoding reconstruction objective of

the source domain is:

LSae = − E
x′i∼S

log pD(x′i|c′i, lu), (4.5)

where the encoder-decoder model (E,D) is shared in both domains. Therefore, the corre-

sponding objective can be written as:

LDAST-C = LTae + LTstyle + LSae . (4.6)

This can be perceived as combining the source domain data with the target domain data

to train a better encoder-decoder framework, while target-specific style information on the

target domain is learned through LTstyle.

Note that LTae and LSae are conditional on domain-specific styles labels: lT and lu, which

implicitly encourages the model to learn domain-specific features. The decoder could thus

generate target sentences adaptively with lT , while achieving favorable content preservation

with the generic content information modeled by LSae. We refer this model, which is illustrated
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in Figure 4.1(left), as Domain Adaptive Style Transfer with generic Content preservation

(DAST-C).

4.4.3 DAST with stylized source data

We further explore the scenario where lS = lT . In this case, besides the generic content

information, there is much style information from the source domain that could be leveraged,

e.g., generic stylized expressions like “fantastic” and “terrible” for sentiment transfer can be

applied to both restaurant and movie reviews. We thus consider to borrow the full strength

of the source data, by sharing learned knowledge on both the generic content and style

information.

A straightforward way to achieve this is to train Eqn. (4.4) on both domains. However,

simply mixing the two domains together will lead to undesirable style transfers, where the

transfer is not domain-specific. For example, when adapting the IMDB movie reviews to

the Yelp restaurant reviews, directly sharing the style transfer model without specifying the

domain will inevitably result in generations like “The pizza is dramatic!”.

To alleviate this problem, we introduce additional domain vectors, encouraging the model

to perform style transfer in a domain-aware manner. The proposed DAST model is illustrated

in Figure 4.1(right). Consider two domain vectors: dS for the source domain and dT for the

target domain, respectively. We rewrite the auto-encoding loss as:

LS,Tae = − E
x′i∼S

log pD(x′i|c′i, dS , l′i)− E
xi∼T

log pD(xi|ci, dT , li) , (4.7)

where the encoder-decoder model (E,D) is shared across domains. The domain vectors, dS ,

dT , learned from the model, implicitly guide the decoder to generate sentences with domain-

specific characteristics. Note that li and l′i are shared, i.e., lT = lS . This enables the model

to learn generic style information from both domains. On the other hand, explicitly learning

precise stylized information within each domain is crucial to generate domain-specific styles.

Thus, two domain-specific style classifiers ensure the model to learn the corresponding styles
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by conditioning on (dS , l̃′i) in the source domain or (dT , l̃i) in the target domain:

LS,Tstyle = − E
x̃′i∼pD(x̃′i|c′i,dS ,l̃′i)

log PCS (l̃′i|x̃′i)− E
x̃i∼pD(x̃i|ci,dT ,l̃i)

log PCT (l̃i|x̃i) , (4.8)

where x̃′i, x̃i are the transferred sentences with pre-specific styles l̃′i, l̃i in the source and

target domains, respectively. The domain-specific style classifiers, CT and CS , are trained

separately on each domain. The signals from classifiers encourage the model to learn domain-

specific styles combining with the domain vectors and style labels. The overall training

objective of the proposed DAST model is:

LDAST = LS,Tae + LS,Tstyle . (4.9)

The domain-specific style classifiers enforce the model to learn domain-specific style informa-

tion conditioning on (dS , l̃′i) or (dT , l̃i), which in turn controls the model to generate sentences

with domain-specific words. The model can thus distinguish domain-specific features, and

adaptively transfer the styles in a domain-aware manner.

4.5 Experiments

We evaluate our proposed models on two tasks: sentiment transfer (positive-to-negative and

negative-to-positive), and formality transfer (informal-to-formal). In both tasks, we make

comparisons with previous approaches over multiple target domains. All experiments are

conducted on one Nvidia GTX 1080Ti GPU.

4.5.1 Dataset

A statistics for the source and target corpora used in the experiments is summarized in

Table 4.1.

Sentiment Transfer. For the source domain, we use IMDB movie review corpus [22] by

following the filtering and preprocessing pipelines from [124]. This results in 344k train-

ing samples with sentiment labels. For the target domain, both the Yelp restaurant review
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Sentiment Transfer

Source Train Target Train Dev Test

IMDB 344K

Yelp 444K 4K 1K

Amazon 554K 2K 1K

Yahoo 4K 2K 1K

Formality Transfer

Source Train Target Train Dev Test

GYAFC 103K Enron 6K 0.5K 0.5K

Table 4.1: Statistics of source and target datasets.

dataset and the Amazon product review dataset are from [75]. For the test sets, we eval-

uate our methods by using 1k human-transferred sentences, annotated by [75], on both

Yelp and Amazon datasets. In addition to the two standard sentiment datasets, we manu-

ally collected a Yahoo sentimental question dataset - 7k question samples with sentiments

from Yahoo! Answers dataset [161]. We split the 7k sentimental questions into 4k/2k/1k

for train/dev/test sets, respectively. Note that the Yahoo sentiment dataset only consists

of questions, which have different domain characteristics with the IMDB dataset. In all

the sentiment experiments, we consider both transfer directions (positive-to-negative and

negative-to-positive).

Formality Transfer. We use Grammarly’s Yahoo Answers Formality Corpus (GYAFC) [109]

as the source dataset. The publicly released version of GYAFC only covers two topics (En-

tertainment & Music and Family & Relationships), where each topic contains 50k paired in-

formal and formal sentences written by humans. For the target domain, we use Enron email

conversation dataset1, which covers several different fields like Business, Politics, Daily Life,

1https://www.cs.cmu.edu/~./enron/

https://www.cs.cmu.edu/~./enron/


56

Style Classifier Domain Classifier

Dataset Accuracy Dataset Accuracy

Yelp 97.6% IMDB & Yelp 94.8%

Amazon 81.0% IMDB & Amazon 97.1%

Yahoo 99.4% IMDB & Yahoo 86.9%

ENRON 87.0% GYAFC & ENRON 89.7%

Table 4.2: Test accuracy of evaluation classifiers.

etc. We manually labeled 7k non-parallel sentences written in either the formal or informal

style. We split the Enron dataset into 6k, 500, 500 samples for training, validation and test-

ing, respectively. Both the validation and test set consist of mere informal sentences, where

the corresponding formal references are annotated by us from a crowd-sourcing platform for

evaluation. We only assess the informal-to-formal transfer direction in the formality transfer

experiment.

4.5.2 Evaluation

Automatic Metrics. We evaluate the effectiveness of our DAST models based on three

automatic metrics:

• Content Preservation: We assess the content preservation according to n-gram

statistics, by measuring the BLEU scores [97] between generated sentences and hu-

man references on the target domain, refered as human BLEU (hBLEU). When no

human reference is available (e.g., Yahoo), we compute the BLEU scores with respect

to the input sentences.

• Style Control: We generate samples from the model and measure the style accuracy

with a style classifier that is pre-trained on the target domain. We refer the style

accuracy as S-acc.
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Yelp(100% data) Amazon(100% data)

Model D-acc S-acc hBLEU G-score D-acc S-acc hBLEU G-score

CrossAlign [124] - 85.0 3.7 8.3 - 23.0 34.1 18.0

Delete&Retrieve [75] - 90.6 14.8 17.9 - 50.9 30.3 25.7

CycleRL [151] - 88.7 12.3 16.4 - 68.7 14.2 15.5

SMAE [164] - 85.1 12.1 15.5 - 71.1 12.9 14.9

ControlGen [45] 91.5 25.5 27.4 - 79.0 31.1 30.5

Finetune 96.1 91.3 25.6 27.8 97.4 79.2 34.1 34.3

DAST-C (ours) 93.8 91.7 25.7 27.5 96.7 81.9 35.7 35.0

DAST (ours) 95.8 92.3 26.3 28.9 96.9 83.0 35.9 35.1

Yelp(1% data) Amazon(1% data)

Model D-acc S-acc hBLEU G-score D-acc S-acc hBLEU G-score

CrossAlign [124] - 76.3 4.8 8.5 - 83.2 2.0 5.9

Delete&Retrieve [75] - 82.1 4.1 7.6 - 63.0 6.9 9.3

CycleRL [151] - 86.6 1.4 5.2 - 79.5 0.7 3.8

SMAE [164] - 96.0 1.2 4.8 - 87.2 0.4 3.2

ControlGen [45] - 98.5 3.7 8.6 - 83.2 1.9 5.8

Finetune 98.1 96.7 13.9 18.5 96.0 89.2 11.3 14.4

DAST-C (ours) 96.9 90.3 17.8 19.3 94.8 78.2 20.1 21.6

DAST (ours) 97.0 92.6 20.1 23.1 94.6 82.7 21.0 23.1

Table 4.3: Automatic evaluation results on Yelp and Amazon test sets. D-acc and S-acc

denote domain accuracy and style accuracy, respectively. G-score is the geometric mean of

S-acc and hBLEU.
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• Domain Control: To validate whether the generated sentences hold the character-

istics of the target domain, we adopt a pre-trained domain classifier to measure the

percentage of generated sentences that belong to the target domain. We refer the

domain accuracy as D-acc.

All the pre-trained classifiers are implemented by TextCNN [63, 167]. After training, all

classifiers are used for evaluation only. The test accuracy and domain accuracy of all these

classifiers used for evaluation are reported in Table 4.2. Following [151], we also evaluate all

methods using a single unified metric called G-score, which calculates the geometric mean

of style accuracy and hBLEU.

Human Evaluation. To assess the quality of transferred sentences, we conduct human

evaluations based on the facets of content preservation, style control and fluency, follow-

ing [92]. We also asked each worker to provide a judgment of the overall quality in terms

of three aspects as a whole. Previous works [126, 34] ask workers to evaluate the quality

via a numerical score, however, we found that this empirically leads to high-variance results.

Instead, we pair transferred sentences from two different models, and ask workers to choose

the sentence they prefer when compared to the input on each evaluation aspect. We provide

a “No Preference” option to choose when the workers think the qualities of the two sentences

are indistinguishable.

For each human evaluation on Yelp sentiment transfer and Enron formality transfer tasks,

we randomly sampled 100 sentences from the corresponding test set and collected three

responses for each pair on every evaluation aspect, yielding 2700 responses in total. Each

pair of system outputs was randomly presented to 7 crowd-sourced judges, who indicated

their preference for style control, content preservation and fluency. To minimize the impact of

spamming, we employed the top-ranked 30% of U.S. workers provided by the crowd-sourcing

service. In order to make the task less abstract, following [92], we asked the judges to

evaluate the content preservation quality independently of style information. Detailed task

descriptions and examples were also provided to guide the judges. Inter-rater agreement, as
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Yelp Sentiment Transfer (positive-to-negative)

Input the service was great , food delicious , and the value impeccable .

ControlGen the service was horrible , service , the service and very frustrated .

Finetune the service was poor , food ... , and the experience were .

DAST-C the service was horrible , food horrible , and the slow sparse .

DAST the service was horrible , food bland , and the value lousy .

Yelp Sentiment Transfer (negative-to-positive)

Input and the pizza was cold , greasy , and generally quite awful .

ControlGen and the food was delicious, delicious , and freaking tasty , delicious .

Finetune and the pizza was professional , friendly , and always have great .

DAST-C and the pizza was fresh, greasy , and generally quite cool .

DAST and the pizza was tasty , juicy , and definitely quite amazing .

Human the pizza was warm , not greasy , and generally tasted great .

Table 4.4: Transferred sentences on Yelp (1%) dataset, where italic red denotes successful

style transfers, bold blue denotes content losses, and sans serif yellow denotes grammar

errors. Better looked in color.

measured by agreement with the most common judgment was 75.9%.

4.5.3 Experimental Setup

The encoder E and the decoder D are implemented by one-layer GRU [15] with hidden

dimensions 500 and 700, respectively. The domain-vector dimension is set to 50. The style

labels are represented by learnable vectors with 150 dimensions. The decoder is initialized by

a concatenation of representations of content, style, and domain vectors. If domain vectors

are not used, the dimension of style labels is set to 200; accordingly, the initialization of the

decoder is a concatenation of content and style representations. TextCNN [63] is employed
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for the domain-specific style classifiers pre-trained on corresponding domains. After pre-

training, the parameters of the classifiers are fixed. We use the hard-sampling trick [86] to

back-propagate the loss through discrete tokens from the classifier to the encoder-decoder

model. During training, we assign each mini-batch the same amount of source and target

data to balance the training.

We make an extensive comparison with five state-of-the-art text style transfer models:

CrossAlign [124], Delete&Retrieve [75], CycleRL [151], SMAE [164] and ControlGen [45].

We also experiment a simple and effective domain adaptation baseline - Finetune, which is

trained with Eqn. (4.4) on the source domain and then fine-tuned on the target domain.

4.5.4 Results

Model Comparisons. To evaluate the effectiveness of leveraging massive data from other

domains, we compare our proposed DAST models with previously proposed models trained

on the target domain (Table 4.3). We observe that by leveraging massive data from the

IMDB dataset, our models achieve better performance against all baselines on the sentiment

transfer tasks in both the Yelp and Amazon domains.

Notably, when the target domain has limited data (1%), all baselines trained only on the

target domain fail completely on content preservation. Finetune preserves better content

but experiences the catastrophic forgetting problem [37] to the source domain information.

As a result, the overall style transfer performance is still nonoptimal. By contrast, with

the help of the source domain, DAST obtains considerable content preservation performance

improvement when compared with other baselines. Our model also attains favorable perfor-

mance in terms of style transferring accuracy (S-acc), resulting in a good overall G-score.

In general, we observe that DAST-C is able to better preserve content information, while

DAST further improves both content preservation and style control abilities. Additionally,

both DAST-C and DAST can adapt to the target domain, as evidenced by the high domain

accuracy (D-acc). The human evaluation results (Table 4.5) show a strong preference of

DAST over DAST-C as well as ControlGen in terms of style control, content preservation,



61

0.1% 1.0% 10.0% 100.0%
Percentage

80

85

90

95

100

D
om

ai
n 

A
cc

ur
ac

y(
%

)

Finetune
DAST­C
DAST

0.1% 1.0% 10.0% 100.0%
Percentage

80

85

90

95

100

S
ty

le
 A

cc
ur

ac
y(

%
)

ControlGen
Finetune
DAST­C
DAST

0.1% 1.0% 10.0% 100.0%
Percentage

0

5

10

15

20

25

30

B
LE

U

ControlGen
Finetune
DAST­C
DAST

0.1% 1.0% 10.0% 100.0%
Percentage

0

5

10

15

20

25

30

G
­s

co
re

ControlGen
Finetune
DAST­C
DAST

Figure 4.2: Results on Yelp test set in terms of different percentage of target domain data.

0.1% ≈ 400 samples.
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Yelp (1% target data)

Style Control Content Preservation

Our Model Neutral Comparison Our Model Neutral Comparison

DAST 56.2% 30.5% 13.3% ControlGen DAST 47.0% 48.4% 4.6% ControlGen

DAST 40.5% 42.3% 17.2% DAST-C DAST 22.4% 65.7% 11.9% DAST-C

DAST 17.9% 18.5% 63.6% Human DAST 17.7% 47.4% 34.9% Human

Fluency Overall Quality

Our Model Neutral Comparison Our Model Neutral Comparison

DAST 47.1% 40.8% 12.0% ControlGen DAST 81.1% 14.0% 4.9% ControlGen

DAST 29.1% 55.8% 15.1% DAST-C DAST 31.4% 43.0% 25.6% DAST-C

DAST 10.1% 30.4% 59.5% Human DAST 16.9% 23.9% 59.2% Human

Enron

Style Control Content Preservation

Our Model Neutral Comparison Our Model Neutral Comparison

DAST 74.2% 19.8% 6% ControlGen DAST 80.8% 14.8% 4.4% ControlGen

DAST 28.4% 50.2% 21.4% DAST-C DAST 26.8% 48.8% 24.4% DAST-C

DAST 17.6% 30.5% 51.9% Human DAST 15.3% 36.9% 47.8% Human

Fluency Overall Quality

Our Model Neutral Comparison Our Model Neutral Comparison

DAST 73.8% 20.6% 5.6% ControlGen DAST 52.7% 35.3% 12.0% ControlGen

DAST 26.9% 51.6% 21.5% DAST-C DAST 34.0% 48.4% 17.6% DAST-C

DAST 11.6% 36.5% 51.9% Human DAST 12.0% 17.8% 68.0% Human

Table 4.5: Results of Human Evaluation for style control, content preservation, fluency

and overall quality showing preferences (%) for DAST model vis-a-vis baseline or other

comparison systems.
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Yahoo Sentiment Transfer

Model D-acc S-acc BLEU

ControlGen - 99.1 9.7

Finetune 97.8 98.8 31.4

DAST-C 90.7 98.8 35.9

DAST 90.8 99.2 39.2

Table 4.6: Results on Yahoo sentiment transfer task.

Model D-acc S-acc hBLEU G-score

DAST 97.0 92.6 20.1 23.1

w/o domain-specific attributes 83.9 90.9 20.0 22.7

w/o domain-specific classifiers 91.4 83.8 19.0 20.8

w/o both 73.8 80.6 18.7 19.9

Table 4.7: Ablation study on Yelp (1%) dataset with help from IMDB dataset. The results

are evaluated on Yelp test set.

fluency and overall quality of generated samples. The samples of Yelp sentiment transfer are

shown in Table 4.4.

Finally, we evaluate our models on Yahoo sentiment transfer task. As can be seen in

Table 4.6, both DAST and DAST-C achieve successful style transfer even if the target data

is formed as questions which have a large discrepancy with the source IMDB domain.

Limiting the Target Domain Data. We further test the limit of our model by using as

few target domain data as possible. Figure 4.2 shows the quantitative results with different

percentages of target domain training data. When the target domain data is insufficient,
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Training Setup D-acc S-acc hBLEU G-score

IMDB+Yelp 97.0 92.6 20.1 23.1

Finetune 98.1 96.7 13.9 18.5

IMDB 62.8 59.3 21.4 12.2

Yelp 96.8 98.5 3.7 8.6

Table 4.8: Results of different training setups when using Yelp (1%) and IMDB datasets.

The results are evaluated on Yelp test set.

Model Source # Samples D-acc S-acc BLEU

DAST-C

IMDB 572K 96.9 90.3 17.8

Yahoo 900K 90.3 91.3 19.6

GYAFC 206K 93.5 92.9 16.1

DAST
IMDB 334K 97.0 92.6 20.1

TripAdvisor 572K 86.2 91.4 18.4

Table 4.9: Performance on the Yelp (1% data) dataset with help of different source domain

data. The results are evaluated on Yelp test set.

especially less than 10%, the content preservation ability of the baseline (trained with target

data only) has degenerated rapidly despite a relatively high style transfer accuracy. This is

less than desirable because by retrieving sentences with the target style a transferred sentence

can easily exhibit the correct style while retaining barely any content similar to the input.

Finetune improves content preservation but still suffers the same problem with less target

data. Note that DAST-C is not comparable to Finetune as the former does not use the style

information in the source domain.

Both DAST models bring substantial improvements to content preservation, and can
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Enron Formality Transfer

Model D-acc S-acc hBLEU

ControlGen - 81.2 4.7

Finetune 91.3 81.6 14.7

DAST-C 87.6 89.2 15.5

DAST 88.4 91.6 16.4

Table 4.10: Results on Enron formality transfer tasks.

still successfully manipulate the styles, resulting in consistently higher G-scores. This is

presumably because our models adapt the content information as well as the style information

from the source domain to consistently sustain the style transfer on the target domain. By

learning both generic and domain-specific stylized information, DAST outperforms DAST-C

in terms of content preservation and style control. Even with 0.1% target domain data (400

samples), DAST was able to attain a reasonable degree of text style transfer, whereas the

model trained on the target data generated entirely nonsensical sentences. Meanwhile, DAST

succeeded in transferring the sentences in a domain-aware manner, achieving consistently

high domain accuracy.

Ablation Study. To investigate the effect of individual components and training setup

on the overall performance, we conduct an ablation study in Table 4.7. The domain vectors

enable the model to transfer sentences in a domain-aware manner, and thus give the largest

boost on domain accuracy. Without domain-specific style classifiers, the model mixes the

style information on both domains, resulting in worse style control and content preservation.

Additionally, simply increasing the number of training examples (i.e., the row “w/o both”)

improves content preserving, while introducing a data distribution discrepancy between the

training (Yelp+IMDB) and test data (Yelp), as evidenced by the lower S-acc and D-acc
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Enron (informal-to-formal)

Input ya ’ll need to come visit us in austin .

ControlGen could we need to look on saturday in enpower .

Finetune you will need to go in bed with him .

DAST-C you will need to visit town .

DAST yes , you will need to visit us in austin .

Human all of you should come visit us in austin .

Enron (formal-to-informal)

Input are n’t you suppose to be teaching some kids or something ?

ControlGen are you not supposed to be disloyal some kids or something ?

Finetune are you not to be able to be some man or something ?

DAST-C are not you supposed to be teaching some kids or something ?

DAST are you not supposed to be teaching some children or something ?

Human are you not supposed to be instructing children ?

Table 4.11: Transferred sentences on Enron dataset, where italic red denotes successful style

transfers, bold blue denotes content losses, and sans serif orange denotes grammar errors.

Better looked in color.

scores.

In terms of the training setup (Table 4.8), the source domain IMDB mostly helps content

preservation, while accurate style information is mainly learned from the target domain Yelp.

Finetune gives higher S-acc and D-acc and lower hBLEU due to catastrophic forgetting. Our

proposed DAST successfully exploits the source domain data, and thus yields balanced results

on style and domain control, while maintaining content preservation.

To investigate the effectiveness of the source domain data, we evaluate our proposed

models on different source domains that have unknown styles or the same styles as Yelp.

Results are included in Table 4.9. It can be seen that the proposed models can robustly
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achieve favorable style transfer with help of different source domain data. Since DAST-C

model mainly learns the generic content information by modeling the large corpus on the

source domain, the number of source training data significantly affects the performance,

especially on content preservation (BLEU). On the other hand, since DAST also adapts

generic style information, the source domain that has closer sentiment information (IMDB)

provides more benefit to the target domain (Yelp) than the TripAdvisor dataset does.

Non-parallel Style Transfer with Parallel Source Data. Finally, to verify the ver-

satility of our proposed models in different scenarios, we investigate another domain adap-

tation setting, where the source domain data (GYAFC) is parallel but the target domain

data (Enron) is non-parallel. Since parallel data is available in the source domain, we are

able to simply add a sequence-to-sequence loss LSs2s on source domain data in Eqn. (4.6)

and Eqn. (4.9) to help the target domain without parallel data. The training objectives can

be written as: LTae + LTstyle + LSae + LSs2s and LS,Tae + LS,Tstyle + LSs2s, respectively. Results are

summarized in Table 4.10. DAST outperforms other methods on both style control and con-

tent preservation while keeping the transferred sentences with target-specific characteristics

(D-acc). A strong human preference for DAST can be observed in Table 4.5 when compared

to the baselines. Qualitative samples are provided in Table 4.11.

4.6 Conclusion

We present two simple yet effective domain adaptive text style transfer models that leverage

massively available data from other domains to facilitate the transfer task in the target do-

main. The proposed models achieve better content preservation with the generic information

learned from the source domain and simultaneously distinguish the domain-specific informa-

tion, which enables the models to transfer text in a domain-adaptive manner. Extensive

experiments demonstrate the robustness and applicability on various scenarios where the

target data is limited.
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Chapter 5

CONTEXTUALIZED PERTURBATION FOR TEXTUAL
ADVERSARIAL ATTACK

5.1 Introduction

Adversarial example generation for natural language processing (NLP) tasks aim to perturb

input text to trigger errors in machine learning models, while keeping the output close to

the original. Besides exposing system vulnerabilities and helping improve their robustness

and security [169, 138, 14, 57, inter alia], adversarial examples are also used to analyze and

interpret the models’ decisions [56, 116].

Generating adversarial examples for NLP tasks can be challenging, in part due to the

discrete nature of natural language text. Recent efforts have explored heuristic rules, such as

replacing tokens with their synonyms [118, 77, 2, 111, 58, inter alia]. Despite some empirical

success, rule-based methods are agnostic to context, limiting their ability to produce natural,

fluent, and grammatical outputs [142, 94, 66, inter alia].

This work presents CLARE, a ContextuaLized AdversaRial Example generation model

for text. CLARE perturbs the input with a mask-then-infill procedure: it first detects the

vulnerabilities of a model and deploys masks to the inputs to indicate missing text, then fills

in an alternative token using a pretrained masked language model (e.g., RoBERTa; [85]).

CLARE features three contextualized perturbing actions: Replace, Insert and Merge, which

respectively replace a token, insert a new token, and merge a bigram (Figure 5.1). As a result,

it can generate outputs of varied lengths, in contrast to token replacement based methods

that only produce outputs of the same lengths as the inputs [2, 111, 58]. Further, CLARE

searches over a wider range of attack strategies, and is thus able to attack the victim model

more efficiently with fewer edits. Building on a masked language model, CLARE maximally



69

CLARE

Super ant colony hits

Australia {Coast, , }.

A {gigantic, , } 100km

colony of ants could threaten

{insect, , } species.

Super ant colony hits

Australia . 

A giant 100km

colony of ants could threaten

local insect species.

Contextualized

Perturbation
Original Text Adversarial Text

Figure 5.1: Illustration of CLARE. Through a mask-then-infill procedure, the model gen-

erates the adversarial text with three contextualized perturbations: Replace , Insert and

Merge . A mask is indicated by “ ”. The degree of fade corresponds to the (decreasing)

priority of the infill tokens.

preserves textual similarity, fluency, and grammaticality of the outputs.

We evaluate CLARE on text classification, natural language inference, and sentence

paraphrase tasks, by attacking finetuned BERT models [21]. Extensive experiments and

human evaluation show that CLARE outperforms baselines in terms of attack success rate,

textual similarity, fluency, and grammaticality, and strikes a better balance between attack

success rate and preserving input-output similarity. Our analysis further suggests that the

CLARE can be used to improve the robustness of the downstream models, and improve

their accuracy when the available training data is limited. We will open-source our code and

models upon publication.

5.2 Related Work

Textual adversarial attack. An increasing amount of effort is being devoted to gen-

erating better textual adversarial examples with various attack models. Character-based

models [77, 25, 71, 31, inter alia] use misspellings to attack the victim systems; however,
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these attacks can often be defended by a spell checker [103, 136, 171, 60]. Many sentence-

level models [51, 140, 173, inter alia] have been developed to introduce more sophisticated

token/phrase perturbations. These, however, generally have difficulty maintaining semantic

similarity with original inputs [159]. Recent word-level models explore synonym substitution

rules to enhance semantic meaning preservation [2, 58, 111, 157, 156, inter alia]. Our work

differs in that CLARE uses three contextualized perturbations that can produce more fluent

and grammatical outputs.

Text generation with BERT. Generation with masked language models has been widely

studied in various natural language tasks, ranging from lexical substitution [148, 170, 104,

149, inter alia] to non-autoregressive generation [41, 70, 33, 88, 127, 112, 168, inter alia].

However, little work has explored using these models to generate adversarial examples for

text.

5.3 Proposed Model

At a high level, CLARE applies a sequence of contextualized perturbation actions to the

input. Each can be seen as a local mask-then-infill procedure: it first applies a mask to

the input around a given position, and then fills it in using a pretrained masked language

model (§5.3.1). To produce the output, CLARE scores and descendingly ranks the actions,

which are then iteratively applied to the input (§5.3.2). We begin with a brief background

review and laying out of necessary notation.

Background. Adversarial example generation centers around a victim model f , which we

assume is a text classifier. We focus on the black-box setting, allowing access to f ’s outputs

but not its configurations such as parameters. Given an input sequence x = x1x2 . . . xn

and its label y, assume f(x) = y, an adversarial example x′ is supposed to modify x to

trigger an error in the victim model: f(x′) 6= f(x). At the same time, textual modifications

should be minimal, such that x′ is close to x and the human predictions on x′ stay the same.
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In computer vision applications, minor perturbations to continuous pixels can be barely

perceptible to humans, thus it can be hard for one to distinguish x and x′ [38]. It is not the

case for text, however, since changes to the discrete tokens are more likely to be noticed by

humans.

This is achieved by requiring the similarity between x′ and x to be larger than a threshold:

sim(x′,x) > `. A common choice of sim(·, ·) is to encode sentences using neural networks,

and calculate their cosine similarity in the embedding space [58].

5.3.1 Masking and Contextualized Infilling

At a given position of the input sequence, CLARE can execute three perturbation actions:

Replace, Insert , and Merge, which we introduce in this section. These apply masks at

the given position with different strategies, and then fill in the missing text based on the

unmasked context.

Replace: A Replace action substitutes the token at a given position i with an alternative

(e.g., changing “fantastic” to “amazing” in “The movie is fantastic.”). It first replaces xi

with a mask, and then selects a token z from a candidate set Z to fill in:

x̃ = x1 . . . xi−1 [Mask] xi+1 . . . xn,

replace (x, i) = x1 . . . xi−1 z xi+1 . . . xn.

Note that x̃ and x̃z depend on i, and Z depends on x and i. For clarity, we suppress

such dependence and denote replace (x, i) by x̃z.

To produce an adversarial example,

• z should fit into the unmasked context;

• x̃z should be similar to x;

• x̃z should trigger an error in f .

These can be achieved by selecting a z such that

• z receives a high probability from a masked language model: pMLM(z | x̃) > k;
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• x̃z is similar to x: sim(x, x̃z) > `;

• f predicts low probability for the gold label given x̃z, i.e., pf (y | x̃z) is small.

pMLM denotes a pretrained masked language model (e.g., RoBERTa; [85]). Using higher k,

` thresholds produces outputs that are more fluent and closer to the original. However, this

can undermine the success rate of the attack. We choose k, ` to trade-off between these

two aspects. k and ` are empirically set as 5× 10−3 and 0.7, respectively. This also reduces

the computation overhead: in our experiments |Z| is 42 on average, much smaller than the

vocabulary size (|V| = 50, 265).

The first two requirements can be met by the construction of the candidate set: Z =

{z′ ∈ V | pMLM(z′ | x̃) > k, sim(x, x̃z′) > `} .

V is the vocabulary of the masked language model. To meet the third, we select from Z the

token that, if filled in, will cause most “confusion” to f :

z = arg min
z′∈Z

pf (y | x̃z′).

The Insert and Merge actions differ from Replace in terms of masking strategies. The

alternative token z is selected analogously to that in a Replace action.

Insert : This aims to add extra information to the input (e.g., changing “I recommend ...”

to “I highly recommend ...”). It inserts a mask after xi and then fills it. Slightly overloading

the notations,

x̃ = x1 . . . xi [Mask] xi+1 . . . xn,

insert (x, i) = x1 . . . xi z xi+1 . . . xn.

This increases the sequence length by 1.
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Merge: This masks out a bigram xixi+1 with a single mask and then fills it, reducing

the sequence length by 1:

x̃ = x1 . . . xi−1 [Mask] xi+2 . . . xn,

merge (x, i) = x1 . . . xi−1 z xi+2 . . . xn.

z can be the same as one of the masked tokens (e.g., masking out “New York” and then

filling in“York”). This can be seen as deleting a token from the input.

For Insert and Merge, z is chosen in the same manner as replace action.

Note that each candidate is represented by a subword unit before de-tokenization. Besides

xi, candidates constructed by multiple subwords are also not included in Z. A perturbation

will not be considered if its candidate token set is empty.

In sum, at each position i of an input sequence, CLARE first: (1) replaces xi with a mask;

(2) or inserts a mask after xi; (3) or merges xixi+1 into a mask. Then a set of candidate

tokens is constructed with a masked language model and a textual similarity function; the

token minimizing the gold label’s probability is chosen as the alternative token.

CLARE first constructs the local actions for all positions in parallel, i.e., the actions at

position i do not affect those at other positions. Then, to produce the adversarial example,

CLARE gathers the local actions and selects an order to execute them.

5.3.2 Sequentially Applying the Perturbations

Given an input pair (x, y), let n denote the length of x. CLARE chooses from 3n actions

to produce the output: 3 actions for each position, assuming the candidate token sets are

not empty. We aim to generate an adversarial example with minimum modifications to the

input. To achieve this, we iteratively apply the actions, and first select those minimizing the

probability of outputting the gold label y from f .

Each action is associated with a score, measuring how likely it can “confuse” f : denote

by a(x) the output of applying action a to x. The score is then the negative probability of
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predicting the gold label from f , using a(x) as the input:

s(x,y)(a) = −pf
(
y | a(x)

)
.

Only one of the three actions can be applied at each position, and we select the one with the

highest score. This constraint aims to avoid multiple modifications around the same position,

e.g., merging “New York” into “Seattle” and then replacing it with “Boston”. Note that

multiple actions at the same position can be replaced by one. In preliminary experiments,

we found that constraining one action per position yields better performance in terms of

fluency and grammaticality.

Actions are iteratively applied to the input, until an adversarial example is found or a

limit of actions T is reached. If no adversarial example is found after applying T actions,

it counts as a failed attack. Each step selects the highest-scoring action from the remaining

ones. Algorithm 1 summarizes the above procedure. Note that Insert and Merge actions

change the text length. When any of them is applied, we accordingly change the text indices

of affected actions remaining in A.

Discussion. A key technique of CLARE is the local mask-then-infill perturbation. This

comes with several advantages. First, it allows attacking any position of the input sequence,

whereas existing synonym replacement approaches can generally only attack tokens in a

predefined vocabulary [2, 58, 111, inter alia]. Second, as we will show in the experiments

(§5.4.3), contextualized infilling produces more fluent and grammatical outputs compared

to the context-agnostic counterparts, especially when using masked language models trained

on large-scale data. In addition, by using Merge and Insert actions, CLARE can produce

adversarial examples whose lengths are different from the inputs.

Generating adversarial examples with masked language models is also explored by a

concurrent work [76]. Their method is similar to a CLARE model except that it only uses

the Replace action. As shown in our ablation study (§5.5.1), using all three actions helps

CLARE achieve a better attack performance.
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Algorithm 1 Adversarial Attack by CLARE

1: Input: Text-label pair (x, y); Victim model f

2: Output: An adversarial example

3: Initialization: x(0) = x

4: A ← ∅

5: for 1 ≤ i ≤ |x| do

6: a← highest-scoring action from {

replace(x, i), insert(x, i),merge(x, i)}
7: A ← A

⋃
{a}

8: end for

9: for 1 ≤ t ≤ T do

10: a← highest-scoring action from A

11: A ← A \ {a}

12: x(t) ← Apply a on x(t−1)

13: if f(x(t))6=y then return x(t)

14: end if

15: end for

16: return None

5.4 Experiments

We evaluate CLARE on text classification, natural language inference, and sentence para-

phrase tasks. We begin by describing the implementation details of CLARE and the base-

lines (§5.4.1). §5.4.2 introduces the datasets we experiment with and the evaluation metrics;

the results are summarized in §5.4.3. All experiments are conducted on one Nvidia GTX

1080Ti GPU.
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5.4.1 Setup

• We experiment with a distilled version of RoBERTa (RoBERTadistill; [119]) as the

masked language model for contextualized infilling. We also compare to base sized

RoBERTa (RoBERTabase; [85]) and base sized BERT (BERTbase; [21]) in the ablation

study (§5.5.1).

• The similarity function builds on the universal sentence encoder (USE; [10]).

• The victim model is an MLP classifier on top of BERTbase. It takes as input the first

token’s contextualized representation. We finetune BERT when training the victim

model.

• Merge perturbation can only merge noun phrases, extracted with the NLTK toolkit.1

We find that this helps produce more grammatical outputs.

All pretrained models and victim models based on RoBERTa and BERTbase are im-

plemented with Hugging Face transformers2 [147] based on PyTorch [99]. RoBERTadistill,

RoBERTabase and uncase BERTbase models have 82M, 125M and 110M parameters, respec-

tively. We use RoBERTadistill as our main backbone for fast inference purpose.

Baselines. We compare CLARE with recent state-of-the-art word-level black-box adver-

sarial attack models, including:

• PWWS: a recent model by [111]. Based on word saliency [72], it greedily replaces

tokens with their synonyms from WordNet [91].

• TextFooler: a state-of-the-art model by [58]. This replaces tokens with their syn-

onyms derived from counter-fitting word embeddings [95], and uses the same text

similarity function as our work.

• TextFooler+LM: an improved variant of TextFooler we implemented based on [2]

and [14]. This inherits token replacement from TextFooler, but uses an additional

1https://www.nltk.org/

2https://github.com/huggingface/transformers

https://www.nltk.org/
https://github.com/huggingface/transformers
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Dataset Avg. Length # Classes Train Test Acc

Yelp 130 2 560K 38K 95.9%

AG News 46 4 120K 7.6K 95.0%

DBpedia 55 14 560K 70K 99.3%

MNLI5 23/11 3 392K 9.8K 84.3%

QNLI 11/31 2 105K 5.4K 91.4%

MRPC 23/23 2 3.6K 1.7K 81.4%

Table 5.1: Some statistics of datasets. The last column indicates the victim model’s accuracy

on the original test set without adversarial attack.

small sized GPT-2 language model [107] to filter out those candidate tokens that do

not fit in the context with calculated perplexity.

PWWS3 and TextFooler4 are built with their open source implementation provided by

the authors. In the implementation of TextFooler+LM, we use small sized GPT-2 language

model [107] to further select those candidate tokens that have top 20% perplexity in the

candidate token set.

The similarity function sim builds on the universal sentence encoder (USE; [10]) to mea-

sure a local similarity at the perturbation position with window size 15 between the original

input and its adversary.

In the adversarial training (§5.5.2), the small TextCNN victim model [63] has 128 embed-

ding size and 100 filters for 3, 4, 5 window size with 0.5 dropout, resulting in 7M parameters.

3https://github.com/JHL-HUST/PWWS/

4https://github.com/jind11/TextFooler

5We only examine the performance on the matched set, since the mismatched set is easier to attack.

https://github.com/JHL-HUST/PWWS/
https://github.com/jind11/TextFooler
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Yelp (PPL = 51.5) AG News (PPL = 62.8)

Model A-rate↑ Mod↓ PPL↓ GErr↓ Sim↑ A-rate↑ Mod↓ PPL↓ GErr↓ Sim↑

PWWS 35.3 8.2 98.8 0.33 0.64 14.2 7.9 114.8 0.56 0.71

TextFooler 77.0 16.6 163.3 1.23 0.70 56.1 23.3 331.3 1.43 0.69

+ LM 34.0 17.4 90.0 1.21 0.73 23.1 21.9 144.6 1.07 0.74

Clare 79.1 10.3 83.5 0.25 0.78 65.3 5.9 82.9 0.15 0.76

MNLI (PPL = 60.9) QNLI (PPL = 46.0)

Model A-rate↑ Mod↓ PPL↓ GErr↓ Sim↑ A-rate↑ Mod↓ PPL↓ GErr↓ Sim↑

PWWS 16.6 6.4 101.3 0.30 0.70 8.8 8.0 88.4 0.32 0.71

TextFooler 59.8 13.8 161.5 0.63 0.73 57.8 16.9 164.4 0.62 0.72

+ LM 32.3 12.4 91.9 0.50 0.77 29.2 17.3 85.0 0.42 0.75

Clare 88.1 7.5 82.7 0.02 0.82 83.8 11.8 76.7 0.01 0.78

DBpedia (PPL = 37.3) MRPC (PPL = 42.9)

Model A-rate↑ Mod↓ PPL↓ GErr↓ Sim↑ A-rate↑ Mod↓ PPL↓ GErr↓ Sim↑

PWWS 7.6 8.3 57.6 0.54 0.68 5.8 6.5 82.6 0.31 0.68

TextFooler 56.2 24.9 182.5 1.88 0.68 24.5 10.6 118.8 0.35 0.75

+ LM 20.1 22.4 84.0 1.22 0.70 12.9 9.5 71.0 0.29 0.79

Clare 65.8 7.02 53.3 -0.03 0.73 34.8 9.1 69.5 0.02 0.83

Table 5.2: Adversarial example generation performance in attack success rate (A-rate), mod-

ification rate (Mod), perplexity (PPL), number of increased grammar errors (GErr), and

textual similarity (Sim). The perplexity of the original inputs is indicated in parentheses for

each dataset. Bold font indicates the best performance for each metric.
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5.4.2 Datasets and Evaluation

Datasets. We evaluate CLARE with the following datasets:

• Yelp Reviews [161]: a binary sentiment classification dataset based on restaurant

reviews.

• AG News [161]: a collection of news articles with four categories: World, Sports,

Business and Science & Technology.

• DBpedia [161]: a dataset of structured texts extracted from Wikipedia with 14 non-

overlapping classes.

• MNLI [145]: a natural language inference dataset. Each instance consists of a premise-

hypothesis pair, and the model is supposed to determine the relation between them

from a label set of entailment, neutral, and contradiction. It covers text from a variety

of domains.

• QNLI [139]: a binary classification dataset converted from the Stanford question an-

swering dataset [108]. The task is to determine whether the context contains the answer

to a question. It is mainly based on English Wikipedia articles.

• MRPC [23]: is a corpus of sentence pairs automatically extracted from online news

sources, with human annotations for whether the sentences in the pair are semantically

equivalent.

While AG News, Yelp Reviews and DBpedia datasets are from [161], MNLI, QNLI

and MRPC datasets are obtained from GLUE benchmark [139]. Table 5.1 summarizes some

statistics of the datasets. Following previous practice [2], we tune CLARE on training data,

and evaluate with 1,000 randomly sampled test instances of lengths ≤ 100. When processing

the data, we keep all punctuation in texts for both victim model training and attacking.

Since GLUE benchmark [139] does not provide the label for test set, we instead use its dev

set as the the test set for the included datasets (MNLI, QNLI, MRPC) in the evaluation.

For the sentence-pair tasks (MNLI, QNLI, MRPC), we attack the longer one excluding the

tokens appearing in both sentences. This is because inference tasks usually require entailed
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data to have the same keywords, e.g., numbers, name entities, etc.

Evaluation metrics. We follow previous works [58, 156], and evaluate the models with

the following automatic metrics:

• Attack success rate (A-rate): the percentage of adversarial examples that can

successfully attack the victim model.

• Modification rate (Mod): the percentage of modified tokens. Each Replace or Insert

action accounts for one token modified; a Merge action is considered modifying one

token if one of the two merged tokens is kept (e.g., merging bigram ab into a), and two

otherwise (e.g., merging bigram ab into c).

• Perplexity (PPL): a metric used to evaluate the fluency of adversaries [61, 156]. The

perplexity is calculated using small sized GPT-2 with a 50K-sized vocabulary [107].

• Grammar error (GErr): the number of increased grammatical errors in the success-

ful adversarial example, compared to the original text. Following [156, 94], we calculate

this by the LanguageTool [96].6

• Textual similarity (Sim): the similarity between the input and its adversary. Fol-

lowing [58, 94], we calculate this using the universal sentence encoder (USE; [10]).

The last four metrics are averaged across those adversarial examples that successfully

attack the victim model.

The evaluation metric Sim uses USE to calculate a global similarity between two texts.

This procedure is typically following [58]. We mostly rely on human evaluation (§5.4.3) to

conclude the significant advantage of preserving textual similarity on CLARE compared with

TextFooler.

5.4.3 Results

Table 5.2 summarizes the results. Although PWWS achieves the best modification rate on

3 out of the 4 datasets, it underperforms CLARE in terms of other metrics. With a very

6https://www.languagetool.org/

https://www.languagetool.org/
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Figure 5.2: Attack success rate / Textual similarity trade-off curves (both higher the better)

and Attack Success Rate (higher is better) / Perplexity (lower is better) trade-off curves.

The larger area under the curve indicates the better trade-off between the two.

limited set of synonym candidates from WordNet, PWWS fails to attack a BERT model

on most of inputs. Using word embeddings to find synonyms, TextFooler achieves a higher

success rate, but tends to produce less grammatical and less natural outputs. Equipped with

a language model, TextFooler+LM does better in terms of perplexity, yet this brings little

grammaticality improvement and comes at a cost to attack success rate. With contextualized

perturbations, CLARE achieves the best performance on attack success rate, perplexity,

grammaticality and similarity. For AG News, CLARE outperforms TextFooler by 9% on

success rate and by a huge 245 on perplexity, and cuts average number of grammatical errors

by 1.3. We observe similar trends on other datasets.

Figure 5.2 compares trade-off curves between attack success rate and textual similarity.

For each model, we tune the thresholds for constructing the candidate token sets, and plot

textual similarity against attack success rate. CLARE strikes the best balance, showing a

clear advantage in achieving a success rate with least similarity drop. We observe similar

trends for success rate and perplexity trade off.

Human evaluation. We further conduct human evaluation on the AG News dataset. We

randomly sampled 300 sentences from the test set combining the corresponding adversarial
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examples from CLARE and TextFooler (We only consider sentences can be attacked by both

models). In order to make the task less abstract, we pair the adversarial examples by the

two models, and present them to the participants along with the original input and its gold

label. We ask them which one they prefer in terms of (1) having more similar a meaning

to the original input (similarity), and (2) being more fluent and grammatical (fluency and

grammaticality). We also provide them with a neutral option, when the participants consider

the two indistinguishable. Additionally, we ask the participants to annotate the adversarial

examples, and compare their annotations against the gold labels (label consistency). Higher

label consistency indicates the model is better at causing the victim model to make errors

while preserving human predictions.

Each pair of system outputs was randomly presented to 5 crowd-sourced judges, who

indicated their preference for similarity, fluency, and grammaticality using. To minimize

the impact of spamming, we employed the top-ranked 30% of U.S. workers provided by the

crowd-sourcing service. Detailed task descriptions and examples were also provided to guide

the judges. We calculate p-value based on 95% confidence intervals by using 10K paired

bootstrap replications, implemented using the R Boot statistical package.

As shown in Table 5.3, CLARE has a significant advantage over TextFooler: in terms of

similarity 56% responses prefer CLARE, while 16% prefer TextFooler. The trend is similar

for fluency & grammaticality (42% vs. 9%). On label consistency, CLARE slightly under-

performs TextFooler at 68% with a 95% condidence interval (CI) (66%, 70%), versus 70%

with a 95% CI (68%, 73%). We attribute this to an inherent overlap of some categories in

the AG News dataset, e.g., Science & Technology and Business, as evidenced by a 71% label

consistency for original inputs.

Closing this section, Table 5.8 and Table 5.9 compare the adversarial examples generated

by TextFooler and CLARE.
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Metric CLARE Neutral TextFooler

Similarity 56.1±2.5 28.1 15.8±2.1

Fluency&Grammaticality 42.5±2.5 48.6 8.9±1.5

Label Consistency 68.0±2.4 - 70.1±2.5

Table 5.3: Human evaluation performance in percentage on the AG News dataset. ± indi-

cates confidence intervals with a 95% confidence level.

5.5 Analysis

This section first conducts an ablation study (§5.5.1). We then explore CLARE’s potential

to be used to improve downstream models’ robustness and accuracy in §5.5.2. In §5.5.3, we

empirically observe that CLARE tends to attack noun and noun phrases.

5.5.1 Ablation Study

We ablate each component of CLARE to study its effectiveness. We evaluate on the 1,000

randomly selected AG news instances (§5.4.2). The results are summarized in Table 5.4.

We first investigate the performance of three perturbations when applied individually.

Among three editing strategies, using InsertOnly achieves the best performance, with

ReplaceOnly coming in a close second. MergeOnly underperforms the other two, partly

due to that the attacks are restricted to bigram noun phrases (§5.4.1). Combining all three

perturbations, CLARE achieves the best performance with the least modifications.

To examine the effect of contextualized infilling, we compare ReplaceOnly against

TextFooler, a context-agnostic model based on token replacement. ReplaceOnly outper-

forms TextFooler across the board, suggesting that contextualized infilling helps generate

better adversarial examples.

We now turn to the two constraints imposed when constructing the candidate token set.

Perhaps not surprisingly, ablating the textual similarity constraint (w/o sim) decreases the
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Module A-rate↑ Mod↓ PPL↓ GErr↓ Sim↑

TextFooler 56.1 23.3 331.3 1.43 0.69

Clare 65.3 5.9 82.3 0.15 0.76

ReplaceOnly 58.8 7.9 85.6 0.11 0.75

InsertOnly 59.4 6.9 94.8 0.20 0.76

MergeOnly 21.0 6.2 95.2 0.01 0.79

w/o sim > ` 70.0 5.4 80.9 0.11 0.72

w/o pMLM > k 89.5 5.1 194.1 0.94 0.64

Table 5.4: Ablation study results. “w/o pMLM > k” ablates the textual similarity constraint

when constructing the candidate sets, while “w/o sim > `” ablates the masked language

model probability constraint.

textual similarity performance, but increases others. Ablating the masked language model

- w/o pMLM > k (Exhausting the vocabulary is computationally expensive. Therefore we

randomly sample 200 tokens and then apply the similarity constraint to construct candidate

set.), yields a better success rate, but much worse perplexity, grammaticality, and textual

similarity.

Finally, we compare CLARE implemented with different masked language models. Ta-

ble 5.5 summarizes the results. Overall, distilled RoBERTa performs the best, and BERT

underperforms the others. Since the victim model is based on BERT, we conjecture that it

is less efficient to attack a model using its own information.

5.5.2 Adversarial Training.

This section explores CLARE’s potential in improving downstream models’ accuracy and

robustness. Following the adversarial training setup [132], we use CLARE to generate ad-

versarial examples for AG news training instances, and include them as additional training
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MLM A-rate↑ Mod↓ PPL↓ GErr↓ Sim↑

RoBERTadistill 65.3 5.9 82.3 0.15 0.76

RoBERTabase 64.9 5.8 81.3 0.11 0.76

BERTbase 63.9 6.4 95.7 0.96 0.74

Table 5.5: Results of CLARE implemented with different masked language models (MLM).

Victim Model Acc A-rate Mod

BERT (100% data) 95.0 65.3 5.9

+ 100% adversarial -0.2 -23.4 +2.7

TextCNN (100% data) 91.2 93.8 6.5

+ 100% adversarial -0.4 -10.2 +0.7

BERT (10% data) 92.5 84.0 5.4

+ 10% adversarial -0.2 -14.4 +1.6

TextCNN (10% data) 83.6 97.3 6.2

+ 10% adversarial +1.4 -3.7 +0.3

Table 5.6: Adversarial training results on AG News test set. “Acc” indicates accuracy.

data. We consider two settings: training with (1) full training data and full adversarial

data and (2) 10% randomly-sampled training data and its adversarial data, to simulate the

low-resource scenario. For both settings, we compare a BERT-based MLP classifier and a

TextCNN ([63]) classifier without any pretrained embedding.

We first examine whether adversarial examples, as data augmentation, can help achieve

better test accuracy. As shown in Table 5.6, when the full training data is available, ad-

versarial training slightly decreases the test accuracy by 0.2% and 0.4% respectively. This
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Replace Insert Merge

NOUN: 64%

ADJ: 17%

VERB: 7%

(NOUN, NOUN): 12%

(ADJ, NOUN): 10%

(NOUN, VERB): 9%

ADJ-NOUN: 31%

NOUN-NOUN: 22%

DT-NOUN: 12%

Context: ... Amit Yoran, the government’s cybersecurity chief, abruptly resigned yesterday

after a year ...

Replace: cybersecurity← {security, surveillance, cryptography, intelligence, encryption ...}

Insert: cybersecurity chief ← {technology, defense, intelligence, program, project ...}

Merge: cybersecurity chief ← {chief, consultant, administrator, scientist, secretary ...}

Table 5.7: Top: Top-3 POS tags (or POS tag bigrams) and their percentages for each

perturbation type. (a, b): insert a token between a and b. a-b: merge a and b into a token.

Bottom: An AG news sample, where CLARE perturbs token “cybersecurity.” Neither

PWWS nor TextFooler is able to attack this token since it is out of their vocabularies.

aligns with previous observations [57]. When less training data is available, the BERT-based

classifier has a similar accuracy drop. Interestingly, under the low-data scenario, TextCNN

with adversarial training achieves better accuracy, with a 1.4% absolute improvement. This

suggests that a model with less capacity can benefit more from silver data.

Does adversarial training help the models defend against adversarial attacks? In prelim-

inary experiments, we found that it is more difficult to use other models to attack a victim

model trained with the adversarial examples generated by CLARE, than to use CLARE it-

self. Thus, to evaluate this, we use CLARE to attack the classifiers trained with and without

adversarial examples generated by itself.

A higher success rate and fewer modifications indicate a victim classifier is more vul-

nerable to adversarial attacks. As shown in Table 5.6, in 3 out of the 4 cases, adversarial

training helps to decrease the attack success rate by more than 10.2%, and to increase the
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number of modifications needed by more than 0.7. The only exception is the TextCNN model

trained with 10% data. A possible reason could be that it is trained with few data and thus

generalizes less well.

These results suggest that CLARE can be used to improve downstream models’ robust-

ness, with a negligible accuracy drop.

5.5.3 Perturbations by Part-of-speech Tags

In this section, we break down the adversarial attacks by part-of-speech (POS) tags. We

find that most of the adversarial attacks happen to nouns or noun phrases. As shown in

Table 5.7, 64% of the Replace actions are applied to nouns. Insert actions tend to insert

tokens into noun phrase bigram: two of the most frequent POS bigrams are noun phrases.

In fact, around 48% of the Insert actions are applied to noun phrases. This also justifies our

choice of only applying Merge to noun phrases.

5.6 Conclusion

We have presented CLARE, a contextualized adversarial example generation model for text.

It uses contextualized knowledge from pretrained masked language models, and can generate

adversarial examples that are natural, fluent and grammatical. With three contextualized

perturbation patterns, Replace, Insert and Merge in our arsenal, CLARE can produce out-

puts of varied lengths and achieves a higher attack success rate than baselines and with

fewer edits. Human evaluation shows significant advantages of CLARE in terms of textual

similarity, fluency and grammaticality.
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AG

(Sci&Tech)

Sprint Corp. is in talks with Qualcomm Inc. about using a network the chipmaker is

building to deliver live television to Sprint mobile phone customers.

TextFooler

(Business)

Sprint Corps. is in talks with Qualcomm Inc. about operated a network the chipmaker

is consolidation to doing viva television to Sprint mobile phone customers.

CLARE

(Business)

Sprint Corp. is in talks with Qualcomm Inc. about using a network Qualcomm is building

to deliver cable television to Sprint mobile phone customers.

Yelp

(Positive)

The food at this chain has always been consistently good. Our server in downtown (

where we spent New Year’s ) was new, but that did not impact our service at all. She

was prompt and attentive to our needs.

TextFooler

(Negative)

The food at this chain has always been necessarily ok . Our server in downtown ( where

we spent New Year’s ) was new, but that did not impact our service at all. She was early

and attentive to our needs.

CLARE

(Negative)

The food at this chain has always been looking consistently good. Our server in down-

town ( where we spent New Year’s ) was new, but that did not enhance our service at

all. She was prompt and attentive to our needs.

MNLI

(Neutral)

Premise: Let me try it. She began snapping her fingers and saying the word eagerly, but

nothing happened.

Hypothesis: She became frustrated when the spell didn’t work.

TextFooler

(Contra-

diction)

Premise: Authorisation me attempting it. She triggered flapping her pinkies and said

the word eagerly, but nothing arisen.

Hypothesis: She became frustrated when the spell didn’t work.

CLARE

(Contra-

diction))

Premise: Let me try it. She began snapping her fingers and saying the word eagerly, but

nothing unexpected happened.

Hypothesis: She became frustrated when the spell didn’t work.

Table 5.8: Adversarial examples produced by different models. The gold label of the original

is shown below the (bolded) dataset name. Replace , Insert and Merge are highlighted in

italic red , bold blue and sans serif orange, respectively. (Best viewed in color).
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QNLI

(Entail-

ment)

Premise: Who overturned the Taft Vale judgement ?

Hypothesis: One of the first acts of the new Liberal Government was to reverse the Taff

Vale judgement.

TextFooler

(No En-

tailment)

Premise: Who overturned the Taft Vale judgement ?

Hypothesis: One of the first acts of the new Liberal Government was to invest the Taff

Vale judgement.

CLARE

(No En-

tailment)

Premise: Who overturned the Taft Vale judgement ?

Hypothesis: One of the first acts of the new Liberal Constitution was to reverse the Taff

Vale judgement.

DBpedia

(Transpor

-tation)

Honda Crossroad. The Honda Crossroad refers to two specific types of SUVs made by

Honda. One of them is a rebadged Land Rover Discovery Series I SUV while the other is

a completely different vehicle introduced in 2008.

TextFooler

(Album)

Suzuki Junctions. The Suzuki Crossroad refers to three accurate typing of prius posed

byIsuzu. One of them is a rebadged Land Rover Identify Series I LEXUS while the other

is a completely different vehicle introduced in 2008.

CLARE

(Company)

Honda Crossroad. The Honda Crossroad refers to two specific manufacturers of SUVs

made by Honda. One of them is a rebadged Land Rover Discovery Series I SUV while

the other is a completely different vehicle introduced in 2008.

MRPC

(Para)

Premise: The Securities Commission filed a civil fraud suit against the teen in Boston.

Hypothesis: The Securities Commission brought a related civil case on Thursday.

TextFooler

(No para)

Premise: The Securities Commission filed a civil fraud suit against the teen in Boston.

Hypothesis: The Securities Commission brought a connect civil case on Yesterday .

CLARE

(No para)

Premise: The Securities Commission filed a civil fraud suit against the teen in Boston.

Hypothesis: The Securities Commission brought a Massachusetts civil lawsuit on Thurs-

day.

Table 5.9: More generated adversarial examples. Para denotes Paraphrase.
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Chapter 6

CONCLUSION

6.1 Summary

Due to the large variety and high complexity of natural language expressions, deep gener-

ative models still face challenges on natural language generation tasks. This thesis shows

how we develop novel deep generative adversarial networks for generating high-quality text

descriptions on different language generation tasks. Specifically, the contributions of this

report are summarized as follows:

• In Chapter 2, we present a ranking-based generative adversarial network for generat-

ing high-quality natural language descriptions. The proposed deep generative model

estimates the rewards through a relative ranking, relaxing the binary-classification re-

striction and conceiving a relative space with rich information for the discriminator

in the adversarial learning framework. The relative ranking relieves the high-variance

gradient problem in a high-dimensional generation space. The proposed generative

model is generic and effective to synthesize various natural language sentences.

• In Chapter 3, we present a comparative adversarial learning network for generating

diverse captions across images. The proposed network assesses the caption quality

relatively by comparing other captions in an image-caption space. By suppressing the

scores of image-mismatched captions in comparisons, the network can learn semantic

relevance and generate captions with distinctiveness. We also propose a new caption

diversity metric in the semantic level to evaluate the caption diversity.

• In Chapter 4, we show that most of existing works on text style transfer with limited
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data may yield poor performance, where the generated text tends to use the most dis-

criminative words that the target style prefers while ignoring the content. We explore

two simple yet effective domain adaptive text style transfer models that leverage mas-

sively available data from other domains to achieve better content preservation and

style control.

• In Chapter 5, we present a contextualized adversarial example generation model (CLARE)

for texts. Previous rule-based adversarial generation models, such as replacing tokens

with their synonyms, often have limitations to produce natural, fluent and grammat-

ical outputs. CLARE modifies the input with three contextualized perturbations in

a context-aware manner. The generated textual adversarial examples have a higher

attack success rate and better preservation on textual similarity, fluency and gram-

maticality.

6.2 Future Works

Deep generative model is an emerging area to study in artificial intelligence. A few promising

directions in natural language generation are worthy to explore in the future:

• Connection between text style transfer and adversarial text generation.

Both text style transfer generation and textual adversarial example generation require

suitable and minimal modifications on the original inputs while sustain conditional

content preservation. Thus, it is interesting to explore the connection between the two

tasks, e.g., whether we could generate adversarial examples on the text style transfer

task to attack the style transfer model. On the other hand, the adversarial examples

could help the text style transfer model to generate better style transferred sentences.

• Controllable text generation. Another direction worthy to explore is learning con-

trollable latent variables in deep generative models. Deep Generative models typically

learn latent variables from observed data, and generate samples drawing from the latent
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variables. Learning meaningful and structural latent representations is a key step to

generate sentences with expected attributes. In this manner, the generated sentences

can be manipulated by the latent variables. This is an interesting and promising

research area, where designing structural generative models or learning disentangled

latent representations are valuable directions to be explored.
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