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This thesis presents a study that was designed to test the effect of generative adversarial network (GAN) training on the quality of natural language generation (NLG) using a
pre-trained language model architecture: Bidirectional Encoder Representations from Transformers (BERT). Perplexity and BLEU scores were used as metrics for evaluation on 1000
samples of generated text. Results indicated that perplexity decreased and BLEU scores
comparing the original data distributions increased; thus, there was evidence that quality of
NLG was improved by the introduction of GAN training. This alternative training method
may also be effective for other more state-of-the-art pre-trained architectures.
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Chapter 1
INTRODUCTION
Natural language generation (NLG) stands at the forefront of human-computer interaction by transforming non-linguistic representations of data into natural language. With the
ease and efficiency of emulating the same pipeline that a human innately uses to communicate with another human, an NLG system would be able to stand in and produce natural
language to communicate a response. Given the large body of linguistic and world knowledge that state-of-the-art neural networks demonstrate (Clark et al., 2019; Cui et al., 2020),
a functioning NLG system would have many pragmatic applications (e.g., language translation, chatbots, question answering, and summarization (Çelikyilmaz et al., 2020)) and also
contribute a vital step toward true artificial intelligence.
Traditionally NLG systems entailed complex frameworks (i.e., template or rule-based systems) or well-understood probabilistic models (i.e. n-gram or loglinear models) (Chen and
Goodman, 1996; Koehn et al., 2003). In general these systems are well-received with reports
of high interpretability and accuracy; however, traditional systems tend not to scale well
with larger datasets because of high manual-engineering labor cost or possible saturation in
system performance (Józefowicz et al., 2016). More and more research is taking place on
this topic by switching to neural language models.
In many cases, neural language models used for text generation comprise of Recurrent
Neural Networks (RNNs), an artificial neural network that generates text sequentially using
connections between nodes that form a directed graph along a temporal sequence (Fedus
et al., 2018; Graves, 2012). Such models reach state-of-the-art performance on summarization, translation, and speech recognition benchmarks by sampling a word conditioned on the
probability of the words that come before it (Bahdanau et al., 2015). Be this as it may,
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RNNs perform increasingly poor when conditioned on text not previously encountered in
training (Fedus et al., 2018). Because RNN models are typically trained using a technique
called “Teacher Forcing” (Williams, 1992), in which only the factual data is fed back into
the model, uni-directional text generation poses an obstacle by conditioning on previously
generated text. Performance worsens as generated sequences increasingly diverge from training data because small prediction errors multiply and lead to unpredictable outcomes in the
hidden state. Indirect attempts have been made to resolve this issue (e.g., Professor Forcing
(Goyal et al., 2016) and Scheduled Sampling (Bengio et al., 2015)) but no proposed approach
uses a cost function on the output of the RNN improve generation (Fedus et al., 2018)
For this reason, researchers in this area have been examining the effect of different model
types and novel training methods to improve the quality and diversity of generated text.
Knowing the effect that model type and training methodology have on NLG output may
indicate how to improve general NLG performance and also provide insight into the high
empirical success but low interpretability of neural language models.
Previous studies have reported high quality NLG from large-scale unsupervised pretrained transformer-derived architectures. For example, in a study by Wang and Cho (2019)
researchers proposed a novel procedure that leveraged a Bidirectional Encoder Representations from Transformers (BERT) architecture (Devlin et al., 2019) as a robust generative
model using a Gibbs sampling (Neal, 1993). Researchers found that in comparison to the
OpenAI Generative Pre-Training Transformer (GPT) (Radford, 2018), BERT produced more
diverse but lesser quality generations. One point of interest, however, is that in this study
neither BERT nor GPT were fine-tuned for down-stream tasks; thus, the effect from finetuning for generation using this model is unclear.
It is well documented that fine-tuning provides advantages in terms of quicker development, less required data, and better results (Bozinovski, 2020; Conneau et al., 2017; McCann
et al., 2017); furthermore, there is research that suggests generative adversarial network
(GAN) training may provide a strong candidate to facilitate fine-tuning a pre-trained model.
GAN is a prominent machine learning framework in which two neural models are pitted
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against each other in a min-max game with the goal to generate new data with the same
statistics as the training set (Goodfellow et al., 2014). In a study by Fedus et al. (2018),
GAN training was effectively employed to train a Seq2Seq architecture using REINFORCE
policy gradients to significantly improve prediction accuracy for text generation on a masked
language modeling (MLM) task. Although authors found that policy gradients were effective
when accompanied by a learned critic agent, there is also research detailing disadvantages of
reinforcement learning methods (e.g., high variance in gradient estimation, slow convergence,
and vulnerability to convergence to false optima) (Williams, 1992; Marbach and Tsitsiklis,
2003) that contribute toward poor generated sequence quality.
To side-step these shortcomings, researchers have been looking for efficient ways to train
text GANs that rely on discrete nodes rather than policy gradients. One such study by Gao
et al. (2019) demonstrated the successful application of GAN fine-tuning by implementing
BERT (as both a generator and discriminator) and MLM in order to improve prediction of
single mixed-in foreign words in generating code-switching text data. Experiments in this
study showed that utilizing GAN training in conjunction with BERT MLM for data generation contributed to a 1.5% reduction in automated speech recognition English word error
rate. These significant results indicate that GAN successfully increased similarity between
the generated text and training input text when generating only single words. More research
is needed in this area to confirm the effect on longer sequence generation.
The purpose of the current study was to investigate the effects of GAN fine-tuning on
the pre-trained BERT architecture by developing a text-based NLG system. Based on the
results of Wang and Cho (2019), an MLM procedure using Gibbs sampling was utilized as
a method for extracting sequences from BERT. In an attempt to improve sample quality of
these generations and to clarify the effect of fine-tuning on such a generation method, the
proposal by Fedus et al. (2018) for training a text generation model using in-filling with the
GAN framework was also incorporated to build upon BERT’s knowledge. Finally, in order to
avoid some of the shortcomings of policy gradients and to extend the findings of Gao et al.
(2019) onto longer generated word sequences, the current system was trained to generate

4

sequences of length 40 by including BERT as both the generator and discriminator in GAN.
I hypothesized that the introduction of GAN fine-tuning would significantly improve the
quality of text generation in the current system. Perplexity and BLEU scores were used as
metrics for evaluation. Results indicate that the model is more likely to produce text that
is reflective of the training data, and consequently more well-formed and coherent.
1.1

Road Map

Chapter Two of this thesis provides a comprehensive discussion of literature that introduces
the reader to the important topics referred to later in the study: natural language generation,
generative adversarial training, and mode collapse. Next, Chapter Three provides a detailed
description of the design, implementation, and procedure of the current study. Relevant details about the dataset, system architecture, generation algorithms, training, and evaluation
are included in all sections such that results could be re-produced by other investigators
or practitioners. Chapter Four describes the variables that were analyzed and presents the
results of testing, and Chapter Five continues where this introduction left off, providing a
review of the important details mentioned (i.e., hypotheses, results) and discusses relevancy
with previous work and possible limitations. Last but not least, Chapter Six provides a
conclusion summary that discusses future applications for the results.
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Chapter 2
LITERATURE SURVEY
The previous chapter provided a high overview of the topic and introduced the background and motivation for conducting an investigation on the effectiveness of GAN training
for BERT NLG. Moving forward with this foundation, the current chapter provides a survey
of previous literature to develop familiarity with work related to integral parts of the current
system. Special emphasis is given to the description and analysis of prior research in NLG,
GAN training, and the issue of mode collapse in order to build an understanding of prior
models and algorithms from related attempts.
2.1
2.1.1

Natural Language Generation
MASKGAN: Better Text Generation Via Fill In The

Fedus et. al., (2018) seek to answer the question: how can we avoid the issues associated
with current neural text generation models? Recurrent Neural Networks (RNNs) are currently the primary model used for text sequence generation and sequence labeling because of
high performance on text prediction based bench-mark tasks. However, low perplexity does
not necessarily translate to quality in text generation tasks. Training methods involving
maximum likelihood estimation or teacher forcing may reduce sampling quality because the
model may have to predict based on sequences of words unseen during prior training. Fedus
et. al., (2018) propose an actor-critic conditional GAN using a ”Seq2Seq” model that fills in
missing text conditioned on the surrounding context and attributes error at each time step.
REINFORCE policy gradients were used to propagate through the softmax layer to train
the generator. Knowing if this proposed method generates higher quality text may indicate
better methods for generating natural language text.
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To evaluate the proposed model, investigators conducted experiments in which MaskGan,
and a separately trained MLE benchmark model, generated samples using the Penn TreeBank (Marcus et al., 1993) and Internet Movie Database (Miller et al., 2009). Perplexity was
evaluated on these samples and results demonstrated that GAN training does not improve
model perplexity in comparison to the MLE benchmark. However, the MaskGAN algorithm
did achieve significantly higher sample quality when samples were assessed for grammar, topicality, and overall quality by the human evaluators on Amazon’s Mechanical Turk. Finally,
the number of unique n-grams produced by the generator that occur in the validation corpus were also calculated and indicate that MaskGan suffers from mode collapse, a common
problem in GAN training described in more detail in section 2.3.
2.1.2

BERT has a Mouth, and It Must Speak: BERT as a Non-Equilibrium Language Model

Wang and Cho (2019) seek to answer the question: how can Bidirectional Encoder Representations from Transformers (BERT) (Devlin et al., 2019) be utilized as a traditional language
model? BERT has achieved high success in several other natural language understanding
tasks (e.g., constituency parsing and machine translation) but because BERT architecture is
trained using a bidirectional masked language modeling objective, it does not resemble traditional unidirectional language generation models and therefore does not appear to inherently
be capable of text generation. By developing a strategy that allows BERT to be used as a
stand-alone language model would transfer its state-of-the-art knowledge and success toward
calculating the probability of a test sentence or sampling from the model as a text generator.
Authors attempt to answer this question by demonstrating that BERT can be defined as
a Markov Random Field with pseudo log-likelihood training. Additionally, they use a Gibbs
sampling procedure to sample the model for text generation. Through BERT’s masked language model pre-training, the model learns a probability distribution over sentences by masking out one or more words of a training sample, and then making a prediction of the mask
based on the bidirectional context. In order to sample from this distribution as a stand-alone
model, researchers provide a random initial state represented as an all-mask sequence. The
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procedure for sampling used is a sequential-parallel generation algorithm in which a single
token for a position chosen uniformly at random is generated. Once a pre-defined number of
time steps has been surpassed, a token will have been generated for each position, and the
process may be terminated or repeated using this newly generated sentence.
Investigators used this sampling procedure in several experiments to evaluate the quality
and diversity of sample generations from BERT-large and BERT-base in comparison to another off the shelf language model, OpenAI Generative Pre-Training Transformer (Radford,
2018). As a metric of quality, BLEU scores (Papineni et al., 2002) were used to compare
generations with original data distributions. Furthermore, the Gated Convolutional Language Model (Dauphin et al., 2017) was also used to calculate a perplexity score. As an
evaluation of diversity, a Self-BLEU score and the percentage of n-grams that are unique,
when compared to the original data distribution and within the corpus of generations, were
also reported.
Wang and Cho (2019) confirm their hypothesis that BERT could not only be used as
a language model, but could also produce highly fluent and diverse text generations. In
general the results show that BERT-base performs better than BERT-large in quality and
fluency. However, GPT outperformed both BERT models by generating higher quality but
less diverse samples.

2.2
2.2.1

Generative Adversarial Training
Generative Adversarial Nets

As shown in Figure 2.1, GAN is a framework by Goodfellow et. al (2014) in which two deep
neural models are trained simultaneously: a generator that attempts to learn a given dataset’s
probability distribution in order to generate new samples, and a discriminator that tries to
estimate the probability that a sample originated from the true dataset (‘real’) rather than
from the generator (‘fake’). The two networks are trained in a min-max competition in which
the discriminator attempts to maximize the probability that it will correctly classify a sample
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as from the dataset as ‘real’, or generated as ‘fake’; in contrast, the generator attempts to
maximize the probability that the discriminator will make a mistake and incorrectly classify
a generated sample as from the dataset. Throughout training, backpropagation allows both
networks to update their weights and continuously improve until they reach an equilibrium
point.

Figure 2.1: GAN framework as depicted by Goodfellow et al. (2014).

The equilibrium point, known as “Nash equilibrium”, is when the generator creates ‘fake’
samples that are so well crafted that they appear to be directly from the dataset in such a
way that the discriminator is unable to distinguish and its accuracy drops to random chance.
Through qualitative and quantitative evaluation, generated samples are found to be at least
competitive with the better generative models in literature and hold high potential for future
research.

2.2.2

Code-Switching Sentence Generation by Bert and Generative Adversarial Networks

Gao et al. (2019) attempt to solve the problem of data availability by code-switching text
used in language model training. Because people tend to mix foreign words in spoken language more often than in written language, it is difficult to collect enough data to effectively
train a language model in this domain. Previous statistical-based approaches have achieved
high automated speech recognition accuracy; however, these approaches still are unable to
obtain the same accuracy found in mono-lingual tasks. In the current study, investigators
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reflect on previous Mandarin-English code-switching datasets. Based off their observations of
complexity and other shortcomings (e.g., vocabulary limitations, phrase or sentence transformations, and spoken citations), investigators propose a methodology that replaces the
4-layer neural network LSTM model from prior literature with BERT trained on Chinese
data (BERT-C) for generating code-switching derived from Chinese text resources. Unlike
the work of Wang and Cho (2019), only English words and randomly selected Chinese words
were masked and predicted by BERT using a single forward pass. Furthermore, to assure
similarity between generated samples and real sentences, investigators also experimented
with GAN training with BERT as both the discriminator and generator. A more robust
artificial dataset generation method and architecture could greatly increase the accuracy of
ASR systems for code-switching as a downstream task.
Investigators defined model effectiveness as high English word prediction accuracy, low
language model perplexity, and high ASR word error rate reduction across several experiments. In the first experiment, model type was varied to evaluate how training affects prediction accuracy of English words using the following conditions: BERT-C, BERT-C with
random masking for all words, BERT-C with masking only English words, BERT-C with
GAN fine-tuning, and Bert-C with GAN fine-tuning selecting only the generated sentences
that predicted English tokens. For each condition, a similar algorithm to the original BERT
pre-training was used, with the exception that batch size is reduced to 32, the maximum
sequence length is set to 128 and the learning rate is fixed as 2e-5. The BERT-C model with
GAN fine-tuning and English selection module performed highest with a prediction accuracy
of 60% and thus was the model used in the subsequent perplexity experiments.
In a second experiment aimed to evaluate the language models (LM) perplexity (PPL),
code-switching data was generated using the proposed generator and monolingual Chinese
texts from the AISHELL corpus (Bu et al., 2017). A selection threshold was manipulated
across three levels (e.g., no threshold, log(P ) ≥ 2, and log(P ) ≥ 1); the AISHELL corpus
was also included as a control. For all levels, the original LM was used to evaluate perplexity
scores. Mixed-lingual texts generated from the proposed model demonstrate lower perplexity.
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Among the generated texts, those with more strict thresholds also gave lower perplexity,
indicating higher similarity with real code-switching texts.
Additionally, Gao et al. (2019) introduced the previously generated text to the OC16CE80 corpus training data (Wang et al., 2016) in order to train new LMs. After training,
these expanded LMs were used to calculate the perplexity of the OC16-CE80 corpus test
data. Under these circumstances there was an increase to PPL in the control condition
due to dissimilarity in corpora. However, the expanded generator with a selection threshold
log(P ) ≥ −1 demonstrated the lowest perplexity score.
In a third experiment, the expanded language models were applied to an ASR system.
Word error rate (WER) was calculated using the test set from the OC16-CE80 corpus.
Results show that LMs created using the additional generated data contribute lower WER.
The LM with the selection threshold log(P ) ≥ 2 resulted in the lowest WER for English
words.

2.3
2.3.1

Mode Collapse
Improved Techniques for Training GANs

Salimans et al., (2016) describes the issue of mode collapse for GAN as the point when
the generator produces a limited group of identical outputs, or even just a single repeated
output, regardless of variation from the noise vector input. Because of stochastic gradient
descent, the generator continuously optimizes toward generating text that contains the exact
attributes for which the discriminator deems to be realistic. However, this poses a problem
if each of the generator’s outputs are processed independently by the discriminator, or if the
generator has been trained more extensively than the discriminator because there may not
be coordination between discriminator gradients. As a result, the gradients may point in the
same direction for different generated input samples.
Under these circumstances, there is no means for the discriminator to signal to the generator to vary its output and the generator will perpetually fail to produce varied and unique
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output. In the case that the discriminator does correctly predict the text to be artificially
generated, gradients will only relocate the generator’s target for producing realistic output
to a new collapsed point in the output space. That is to say, assigning lower probability
weights to an already collapsed mode fails to incite diversity in the generator output because
the generator will simply re-allocate another collapsed distribution to comply.
One solution that enables the discriminator to encourage the generator to re-calibrate
while a mode is in the process of collapse is called Mini-Batch Discrimination. This technique allows for the discriminator to review several samples of generated text at once, detect
mode collapse by evaluating similarity among the batch of samples. When the mode starts
to collapse the similarity of the batch rises and triggers the discriminator to penalize the
generator and effectively lower the assigned probabilities at the collapsing mode.
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Chapter 3
METHOD
The current study recreates the GAN framework as described by Goodfellow et al., (2014).
This work diverges from its predecessor, however, by incorporating a massively pre-trained
neural model, BERT, as both the generator and discriminator modules’ central architecture.
More recently, Gao et al. (2019) conducted a related study in which they developed a codeswitching data generator based on BERT and GAN, but this work focused on only predicting
single mixed-in foreign words considering the bidirectional context. Thus, the current study
aims to improve generatation of longer sequences of words or phrases. Although BERT
is not traditionally known to be effective at text generation, previous work by Wang and
Cho (2019) presented a novel sampling procedure that has been modified and applied in the
current study to avoid reaching memory limits while training.

3.1

Dataset

To build upon the previous work of Wang and Cho (2019), 5000 sentences from the test
set of WikiText-103 (Merity et al., 2016) and 5000 sentences from The BookCorpus (Kiros
et al., 2015) were used for training and evaluation.

3.1.1

WikiText-103

WikiText-103 (WT103) is a long term dependency language modeling dataset that compiles
over 100 million tokens extracted from the set of verified ‘Good’ and ‘Featured’ articles on
Wikipedia. WT103 is derived from full articles and retains the original case, punctuation
and numbers. WT103 is also 110 times larger than the Penn TreeBank (Marcus et al., 1993).
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3.1.2

The BookCorpus Dataset

The BookCorpus Dataset (TBC) is a corpus of 11,038 books, free, unpublished books from
16 genres gathered from the web. Together they compile 74,004,228 sentences. Books of less
than 20k words were filtered in order to reduce noise.
3.2
3.2.1

Data structure and Algorithms
System Architecture

As seen in Figure 3.1, the current study recreates the GAN architecture as described by Goodfellow et al., (2014), and with using HuggingFace’s Transformers library with Pytorch (Wolf
et al., 2019; Paszke et al., 2019). The bert-base-uncased model with a BertForSequenceClassification head was used for the generator module, and a separate bert-base-uncased model
with the BertForSequenceClassification head was used for the discriminator module. As an
optimizer, both the generator and discriminator implemented AdamW, but with different
hyperparameters. More specifically, the learning rate for the generator was 2e-6 with epsilon
value of 10e-4; whereas, the learning rate for the discriminator was 2e-5 with epsilon value
of 1e-8. Finally, both modules utilized the binary cross entropy loss function BCEWithLogitsLoss.
3.2.2

Text Generation

In following suit with Wang and Cho (2019), BERT can be defined as a non-equilibrium
language model. As such, the generation algorithm used in the current study utilizes a
Markov Chain Monte Carlo sampling procedure, known as Gibbs sampling, and BERT’s
Masked Language Modeling head in order to sample from the probability distribution. First,
a random state vector of a specified length is initialized (eg., [[CLS], [Mask], [Mask], [Mask],
[Mask], [Mask], [Mask], [SEP]]). At each iteration i, the position it is sampled uniformly at
random from [1, . . . , T] and the selected index is replaced with a masked token, [MASK].
Next, a forward pass is performed through BERT and a probability distribution is generated.
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Figure 3.1: The current system architecture.

A smoothing parameter value, temperature, is applied to the probability distribution, and a
value is sampled from the top-k probabilities. The element at index i is replaced with the
newly selected value, and the process repeats until the specified maximum number of time
steps is reached. A burn-in hyperparameter also exists such that for the specified number of
steps top-k is ignored and any value within the distribution can be sampled.
Wang and Cho (2019) suggests using a maximum of 500 time steps in their evaluation;
however, training requires gradients to flow through the model at each pass. Because this
hyperparameter entails accumulating gradients for 500 passes through BERT, a change had
to be made because of GPU memory constraints. The training procedure was modified to
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limit the number of passes through BERT by re-using the same probability distribution from
a single forward pass for all indices of the input vector. Therefore when training, a single
step corresponds to replacement of all indices of the input vector with the newly selected
values in parallel, not just single indices like when generating for evaluation.

3.2.3

Reparameterization Tricks for Backpropagation

As discussed in Jang et. al., (2017), using discrete representations for text has many benefits
(e.g., discrete representations are more interpretable (Chen et al., 2016), and more computationally efficient (Rae et al., 2016)); however, the computational graph for re-visiting the
chain of operations that allow for the backward propagation of errors breaks due to the usage of non-differentiable functions. Past literature has put forth several methods to side-step
the problem of backpropagating through discrete nodes (e.g., REINFORCE policy gradients
(Williams, 1992), and avoiding discrete space using an encoder (Subramanian et al., 2017));
however, because of known issues with training stability and convergence in REINFORCE
and the lack of easily obtained continuous representations of real dataset sentences, the
Straight-Through Gumbel Softmax Reparameterization Trick (Jang et al., 2016) was chosen
as a solution in the current study.
The Straight-Through Gumbel Softmax Reparameterization Trick is employed to relocate
non-differentiable nodes to the outside or start of a model in order to allow the gradients
to flow unrestricted through the remaining nodes. In the current study’s generation algorithm, discrete representations require the use of a probability sampling function (i.e., a
non-differentiable function containing a random node) to select a token value from a list
corresponding to the top-k predicted probabilities. For this reason, the source of randomness for sampling must be shifted to another variable in order for backpropagation to take
place. By taking the probability distribution and adding “gumbel noise” (i.e., G = -log(log(Uniform(0,1)))), the origin of randomness is moved to outside of the computational model
and a differentiable quasi-categorical continuous sample is obtained by performing a softmax
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parameratized by temperature, τ :
exp((log(xi ) + Gi )/τ )
y i = Pk
for i = 1, ..., k
exp((log(x
)
+
G
)/τ
)
j
j
j=1
In order to obtain a ‘hard’ one-hot vector, this soft representation is discretized using argmax,
and with the use of clever gradient arithmetic, the soft gradients are preserved making it
possible to sample from the generator and also backpropagate for gradient descent.
Another key issue with applying GAN with text is that the gradient of a discrete function
is either infinite or undefined, and therefore the computational graph for backpropagation is
also broken where discrete labels (i.e., words represented as discrete integer values) are passed
through an embedding layer and converted to a higher dimensional floating point representation. To be more specific, the computational graph in the current study is broken when
a generated text sample is passed from the generator to the discriminator for classification.
When loss from the classification is calculated, the gradients are unable to backpropagate
through the discriminator into the generator to update the generator’s weights.
In the current study’s GAN training algorithm, the generator and discriminator’s weights
are not trained simultaneously; therefore, in training the generator alone, it is not necessary
for gradients to move backward through the discriminator and a straight-through reparameterization trick can be used to remove the discriminator’s nodes from the computation graph.
As shown in Figure 3.2, gradients can be transferred from the generator’s loss object to the
sample object that was initially passed into the discriminator, allowing for the gradients to
skip the discriminator and continue calculating gradients for the generator.

3.2.4

Double-Sided Label Smoothing

Label Smoothing is a technique that has been shown to reduce the vulnerability of neural
networks to adversarial examples (Szegedy et al., 2016). In order to prevent network overconfidence in the current study, the GAN architecture smooths the labels used in calculating
loss. The commonly used ‘fake’ and ‘real’ labels (i.e., ‘0’ and ‘1’ respectively) are represented
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Figure 3.2: Illustration of a backward pass performed on the generator. Gradients are shown
to bypass the discriminator because of a reparameterization trick.

in the current study with random floating point numbers within the ranges [0,.1] for ‘fake’
and [.9,1] for ‘real’ labels.
3.3

Procedure

In the current study, twenty trials were run individually using unique random seeds and
averages were taken for all evaluation measures. Each trial was carried out in the following order: data collection and processing, preliminary evaluation of GPT and the BERT
generator prior-to-training, training, and evaluation of the BERT generator post-training.

3.3.1

Data Collection and Processing

For use in evaluation, 10,000 sentences from the datasets were read-in from file and processed
line by line. Line-initial and line-final white space, if any, was removed and lines were split
on the remaining white space to create lists of word tokens. Word tokens were lower cased
and some were replaced according to the parent corpus: WT103 replaced ‘@@unknown@@’
with the special token ‘[UNK]’ and TBC replaced backtick characters (i.e., ‘ ` ’) and escaped
apostrophe (i.e., ‘ \‘ ’) to an escaped quote character (i.e., ‘ \“ ’).
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Additionally to be used in training, lists of tokens required further preparation for use
with BERT. After replacement, word tokens were then converted to BERT Tokenizer tokens,
and truncated to the length of 40; however, the BERT class (i.e.,‘[CLS]’) and separator (i.e.,
‘[SEP]’) special tokens were inserted respectively at the initial and final index of each list;
thus the maximum length increased to 42. Sequences of words shorter than length 10, and
sequences that contained an ‘[UNK]’ special token were removed. Word sequences were
sorted by length into 40 batches of size 32, such that all sequences within a batch contained
the same number of BERT Tokens and all lengths were equally represented while quantity
permitted (McCormick, 2020); any remainder was discarded. Finally, the train test split
module from sklearn was utilized to randomly divide 10% of the data (i.e., 128 lines) into a
validation subset and the remaining 90% (i.e., 1152 lines) into a training set.
3.3.2

Training and Validation

In following a similar algorithm to the Deep Convolutional GAN (Radford et al., 2016), the
initial step of the training loop is to train the discriminator as a classifier that distinguishes
real data from generated data. The goal is “to update the discriminator by ascending its
stochastic gradient” (Goodfellow et al., 2014). First, 1152 samples from the training dataset
are labeled as ‘real’ according to the notation described in section 3.2.4 and passed to the discriminator in mini-batches of size 32. Loss is calculated using the discriminator loss function
and the gradients are accumulated then clipped to 1.0. Subsequently, a batch is generated
from the model’s generator using hyperparameters identical to the batch of ‘real’ samples
(i.e., number of samples, batch size, and sample length) and with a temperature of 1.0, top-k
of 10, burn-in of 0, and by only sampling each index of the vector a single time. Generated
samples are labeled as ‘fake‘ and passed through the discriminator. Loss and gradients are
accumulated and clipped exactly as before. After having accumulated gradients from both
the ‘real’ and ‘fake’ batches separately, a step of the discriminator’s optimizer is called and
the discriminator’s weights are updated; thus, completing the discriminator’s training for
the mini-batch.

19

After completing the discriminator’s training, the second step is to train the generator.
The generated ‘fake’ batch from the previous step is used again to perform another forward
pass through the discriminator; however, instead of the discriminator loss function calculating the loss itself, the discriminator’s output predictions are labeled with ‘real’ labels,
passed to the loss function of the generator, and gradients are accumulated and clipped to
1.0. After having calculated the loss and accumulated gradients for the generator, a step of
the generator’s optimizer is called and the generator’s weights are updated.
A validation process follows each training epoch. During this process, gradient accumulation is frozen in order to evaluate the discriminator accuracy without affecting model
weights. A mini-batch of 32 samples from the validation dataset is paired with a batch of
newly generated validation samples and shuffled. A generated validation batch matches the
paired batch of samples from the dataset by number of samples, batch size, and sample length,
and otherwise take to the hyperparameter values described in 3.3.3. As such, 64 samples are
evaluated with each epoch.
3.3.3

Evaluation

Identical to Wang and Cho (2019), 1000 text samples of length 40 tokens were generated
using top-k of 100, temperature of 1.0, and indices were sampled uniformly at random 500
times with a burn-in of 250 in order to examine the generator output for quality and diversity,
before and after training. As a baseline, GPT text was also generated and evaluated under
identical conditions. In following Wang and Cho (2019) and Yu et al., (2017), perplexity and
BLEU were used as metrics of quality; whereas, Self-BLEU was used as a measure diversity.
Perplexity
In natural language processing (NLP), perplexity is an efficient metric from information theory for comparing the ability of statistical models to predict testing data (Jurafsky and Martin, 2009; Cover and Thomas, 2006). It can be defined as P P (p) := 2H(p) = 2−

P

x

p(x) log2 p(x)

,

where H(p) is the entropy of the distribution and x ranges over events. In the current study,
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perplexity is evaluated on generated samples through use of an outside language model,
transformer lm.wiki103.adaptive, pre-trained on one of the original training data distributions (i.e., WT-103). Because this model was trained using the identical dataset that the
generator was trained on, perplexity is calculated on a closed-vocabulary, avoiding the use
of the unknown vocabulary token, ‘[UNK]’.
BLEU
Initially a method developed for automatic machine translation by Papineni et al. (2002),
BLEU is a score within the range of [0,1] that compares a candidate text sample to reference
text using n-gram overlap as a measure of similarity. The rationale in the original usage was
that a good machine translation would compare to a professional human translation with
higher similarity receiving a score closer to 1.0. BLEU was also one of the first metrics to
correlate well with human judgement, therefore it has remained popular as an inexpensive
tool for also evaluating NLG. In the current study, BLEU analyzes n-grams of n ≤ 4 to
compare generated text samples with the original data distributions that BERT was pretrained on (i.e., WT-103 and TBC). Because these reference are human-derived and assumed
to be generally well formed, higher BLEU scores would indicate higher coherence or fluency
in candidate generated text.
Self-BLEU
Self-BLEU is a metric proposed by Zhu et al. (2018) to evaluate the ability for a model to
generate unique samples. The same BLEU metric that assess similarity between text samples
in the previous subsection is carried out, however, generated samples are instead evaluated
in reference to all remaining samples within a batch. In contrast to BLEU, higher Self-BLEU
scores are an indication of low diversity and one of the identifying characteristics of mode
collapse. For this reason, Self-BLEU is expected to be low to signify greater dissimilarity
among samples in a generated batch.
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Chapter 4
RESULTS
The effect of GAN fine-tuning on BERT generation was tested. Preliminary GPT scores
were also tested as a baseline. Table 4.1 presents a small uncurated sample of the generated
sentences on which evaluation was carried out. Author’s judgement from reading these sentences suggests that those generated after fine-tuning are more coherent.
Table 4.2 presents the average BLEU scores and standard deviation of text generated
before GAN fine-tuning and afterwards. Looking at the pattern of results in Table 4.2, it
appears that BLEU scores for BERT, in general, were significantly higher after fine-tuning
rather than prior. The degree to which BLEU was affected by training, however, depended
on the reference corpus used in evaluation. More specifically, when generated text was evaluated against the WT103 corpus, BLEU scores after training (M=9.66, SD=0.25) were 6.41%
higher than before training (M=9.06, SD=0.23); whereas when generated text was evaluated
against the TBC corpus, there was a much larger effect in which BLEU scores after training
(M=11.45, SD=0.42) were 35.96% higher than before training (M=7.96, SD=0.25). Average BLEU scores comparing a single sentence with all other sentences within a sample were
24.37% higher after training (M=11.51, SD=0.72) than before training (M= 9.01, SD=0.27).
The GPT baseline was higher than BERT across all conditions.
Furthermore, Table 4.3 presents the average percentage of generated n-grams and standard deviation that are unique relative to each of the other samples within a 1000 sample
batch (Self-BLEU), 5000 randomly selected sentences from WikiText103 test set, and 5000
sentences from The BookCorpus. Across all references, the percentage of BERT generated
n-grams decreased after fine-tuning. Bigrams relative to the TBC varied the most by decreasing roughly 7% after training. The percentage of unique n-grams generated from GPT
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7 a . m . ... where am i now ? is it my imagination
( you know almost nothing about michael spelman ) ?
you can honestly say not whether i tell you how long i
know .

and the creature blinked again and again and then everything else was gone . and a memory struck me : of
the sign on the wall and the text from doom12 and the
picture of spenser .

i was so glad i had walked in here in my get - up on top
- no indeed - ensemble . dark hair and sharp cologne
fumed up a just - opened , black mini card table .

i noticed that people are walking in the park . it is a
different place entirely . slowly but quickly outside in
the distance a brief night fog passed by revealing the
black silhouettes of something moving somewhere .

the collective also included walker and white as african american artists ; and sculptor paul wright . his obituary
in the natchez chronicle of napa valley claimed that he
had worked at the artist colony .

all that was normal his whole life ; all that was making
all his friends remember the joys of their time . neal
and georgie were making commercials , showing men
and women in suits with funny faces .

his brother provided they could get a low - budget comedy film in their own way - but at the same time acting
and play over movies were a priority for the son ( or for
the actor ) .

the allen marcus ’ songs east meets west , monkey house
, ” hate me , ” and others , both in the ” friends ” form ,
were also featured in viral videos directed by daniel del
toro .

our loved ones are lost or in danger . but must we leave
yet , then ? someone called , and everyone shows with
what they want ( bob calls ) . we must look for our
loved ones .

people with supernatural powers are undead ! you know
they sweep through the building main parking lot saving
the owners , the crew , from the building , anywhere ! ”
” you can talk about murder , right ?

Table 4.1: Uncurated generations from BERT Preliminary (left) and BERT Fine-tuned
(right).

were also significantly lower than fine-tuned BERT on the same condition with a decrease of
nearly 29% unique bigrams in reference to TBC.
Finally in addition to BLEU, the perplexity of generated text samples given by an outside
model were also analyzed. Table 4.4 presents the average perplexity and standard deviation
of text when generated before GAN fine-tuning and afterwards. This method of training also
revealed a significant main effect such that text generated after the model was fine-tuned
(M=236.17, SD=9.75) showed a 19.99% lower perplexity than when generated prior to finetuning (M=288.6, SD=10.23).
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Corpus-BLEU

Model

WT103
BERT - Preliminary
BERT - Fined-tuned
GPT

9.06 ±0.23
9.66 ±0.25
10.77±0.33

Self-BLEU

TBC
7.96 ±0.25
9.01 ±0.27
11.45 ±0.42 11.51 ±0.72
30.43 ±0.40 39.09 ±0.55

Table 4.2: BLEU score comparison between 1000 generated text samples to 5000 randomly
selected sentences from WikiText103 test set, 5000 sentences from The BookCorpus, and to
all other samples within the same generated batch (Self-BLEU).

% Unique n-grams
Model
n=2

Self
n=3

n=4

n=2

WT103
n=3

n=4

n=2

TBC
n=3

n=4

BERT - Preliminary 62.70±0.42 92.61±0.27 98.41±0.19 58.48±0.37 91.75±0.16 98.62±0.12 61.83±0.51 92.25±0.20 98.66±0.13
BERT - Fined-tuned 57.18±0.89 90.23±0.56 97.67±0.29 54.11±0.66 90.02±0.40 98.13±0.19 54.07±0.85 88.98±0.55 97.89±0.22
GPT
31.49±0.38 67.99±0.49 87.86±0.44 33.81±0.31 73.52±0.43 91.48±0.33 25.87±0.29 65.65±0.44 88.67±0.37

Table 4.3: Percentage of generated n-grams that are unique in comparison to other samples
within a batch (Self-BLEU), 5000 randomly selected sentences from WikiText103 test set,
and 5000 sentences from The BookCorpus.

Perplexity
Model

Mean

BERT - Preliminary 288.62 ±10.23
BERT - Fined-tuned 236.17 ±9.75
GPT
176.65 ±4.50
Table 4.4: Average perplexity obtained from 1000 generated text samples using the fairseq
transformer lm.wiki103.adaptive model (Baevski and Auli, 2019).
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Chapter 5
DISCUSSION
The current study was designed to examine how the introduction of GAN fine-tuning to
the BERT pre-trained architecture affects NLG. The hypothesis was that the quality of NLG
would significantly increase after fine-tuning. Metrics used to evaluate quality were BLEU
scores that compared generated text to the reference training corpora, and perplexity scores
obtained through an outside model. The results of the current study indicated that the
quality of BERT NLG was significantly increased by this method of fine-tuning. On average,
perplexity of generated test samples was significantly lower after fine-tuning, indicating a
greater sense of coherence or fluency; analogously, mean corpus BLEU scores were found to
be significantly higher after training than prior, indicating a stronger ability for the model
to sample text similar to a well formed dataset.
These results were consistent with previous studies in that there was a significant increase in quality due to using generative adversarial network training. One such example of
this previous work is that of Gao et al. (2019), in which a significant effect was found when
GAN training was applied to BERT in order to generate single tokens in a code switching
experiment. This consistency may be due to a non-apparent advantage in utilizing identical
pre-trained models in both the discriminator and generator, contributing to more balanced
adversarial training.
Despite the consistency in results with previous work, evaluation methods are known to
be flawed as measures of quality or fluency (Hardcastle and Scott, 2008) (Çelikyilmaz et al.,
2020) and may have affected the external validity of the current study. Pilot experiments
demonstrated much higher improvement than what is reported in the current study, but
visual inspection indicated that those samples may have suffered from semi-mode collapse.
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This observation is consistent with Wang and Cho (2019) where it was noted that the higher
scoring generations, those generated by GPT, “might have also collapsed to fairly generic
and simple sentences”. In the current study, Self-BLEU was high for GPT at around 39 and
BERT Self-BLEU also increased after fine-tuning. These results may provide evidence that
BLEU and perplexity artificially become skewed as a function of decreasing diversity if the
generator begins to produce less diverse or repetitive output (i.e., mode collapse). Further
investigation is needed to clarify the parallel between text diversity and quality in order to
develop more holistic strategies for automatic evaluation of NLG. Until progress is made in
this area, a more thorough human evaluation of word sequences would greatly benefit any
future extension of the current study, despite the high cost (Papineni et al., 2002).
Another constraint of the BERT model, first mentioned in Wang and Cho (2019), remains unresolved in the current study and is still open for further investigation. In BERT
generation, the length of the generated output hinges on a max length hyperparameter that
must be specified prior to run-time. More specifically, the user must declare how many
‘[MASK]’ tokens to add to the vector to later be un-masked and converted to the predicted
tokens. This parameter poses a problem because for an NLG application to be practical a
user should not need to dictate the exact length of the BERT response.
A proposed solution in piloting the current study was to remove the input vector’s final
‘[SEP]’ token. ‘[SEP]’ is used to signal the separation of two sentences in the input to BERT
for several NLP tasks (e.g., Question Answering, Natural Language Inference, and Next Sentence Prediction) (Devlin et al., 2019); therefore, by not including this token and by providing
sufficient masked space, the generator should predict ‘[SEP]’ independently when carrying
out the same unmasking procedure used to generate tokens based on context. For example in
the context of Question Answering, if provided with the token embedding, [‘[CLS]’, ‘when’,
‘is’, ‘lunch’, ‘?’ ‘[SEP]’, ‘[MASK]’, ‘[MASK]’, ‘[MASK]’, ‘[MASK]’, ‘[MASK]’, ‘[MASK]’,
‘[MASK]’], we can expect that after un-masking a sufficient response given this context, the
model will also unmask a separator token when initializing another sentence due to what
it has previously seen. For example, the model could predict, [‘[CLS]’, ‘when’, ‘is’, ‘lunch’,
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‘?’, ‘[SEP]’, ‘lunch’, ‘is’, ‘at’, ‘noon’, ‘[SEP]’, ‘i’ ,‘eat’], and anything after the final predicted
separator would be extraneous and could be trimmed. The problem with this solution lies in
that BERT never predicted ‘[SEP]’ with enough probability for it to ever surface in preliminary experiments. Be this as it may, future work may be in investigating another method
to allow BERT’s generation to independently sample sentences of variable length for use in
an end-to-end question answering system.

27

Chapter 6
CONCLUSION
This study examined the effects of GAN fine-tuning on a pre-trained language model
architecture in order to investigate its value in improving the quality of text generation.
The results of this study indicated a significant increase in quality of generated text; thus,
providing evidence that the introduction of GAN training is effective tool for improving
NLG. This is an exciting frontier of research because text generation is a key component
of language translation, chatbots, question answering, summarization, and several other
applications that people interact with everyday (Çelikyilmaz et al., 2020). Further research
in this domain could cause a cascading effect for research into any of these applications. For
this reason, code has been released at https://github.com/blongwill/bert-gan-thesis.
Future work should continue to explore the utility of GAN fine-tuning on other pre-trained
models in order to expand the boundaries of state-of-the-art NLG.
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Trevor Killeen, Zeming Lin, Natalia Gimelshein, Luca Antiga, Alban Desmaison, Andreas Köpf, Edward Yang, Zachary DeVito, Martin Raison, Alykhan Tejani, Sasank Chilamkurthy, Benoit Steiner, Lu Fang, Junjie Bai, and Soumith Chintala. Pytorch: An
imperative style, high-performance deep learning library. In Hanna M. Wallach, Hugo
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