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Abstract

Text generation is a core task in artificial intelligence. Over the past decade,
neural text generation models have made substantial progress in a wide range of
applications, such as machine translation, summarization, and dialogue generation.
The dominant approach is the sequence-to-sequence (seq2seq) paradigm with atten-
tion mechanism. A typical seq2seq model is end-to-end trained with log likelihood
maximization over the target sequence on token-level.

In practice, this framework is simple and effective. It can produce fluent and
grammatical output since it directly learns a language model. However, several is-
sues are widely observed across tasks and domains. Due to limited control over
the output, the model is prone to hallucination and generic response, especially for
open-ended tasks where the output introduces new information that cannot be found
in the input. Additionally, for longer and more structured text generation, the model
does not produce very cohesive results. As it is not optimized during training.

In this thesis, we aim to improve the controllability of neural text generation
models through explicit text planning and conditioning over desired discourse func-
tions. Inspired by traditional text generation systems, we employ a separate text
planning module that performs content selection (what to say) and ordering (when
to say what). The generated text plans serve as constraints over the final surface
realization stage, which is trained to faithfully reflect the selected content and user-
specified discourse functions.

We focus on a novel argument generation task as a test bed. The goal of this
task is to generate a counter-argument paragraph given an input statement of certain
stance over a controversial topic. It differs from conventional seq2seq tasks in two
main aspects: 1) successful arguments exhibit rich discourse structures, for which
the text planning becomes extremely important. 2) Unlike machine translation and
summarization, the output often contains information not mentioned in the input,
necessitating access to external knowledge and ability to use it in a natural way.

In the first part of this thesis, we discuss an argument generation system that
is capable of retrieving supporting evidence from Wikipedia articles. The retrieved
content is encoded together with the input. During decoding, we adopt a multi-task
learning based approach to encourage the inclusion of external evidence in the final
output. In the second part, we focus on improving the text planning module. We
formulate text planning as a sentence-level keyphrase selection procedure. Based on
the input text and retrieval results, we first build a set of candidate keyphrases. The
text planner determines the inclusion of each keyphrase for the output sentences,
along which it also determines the sentence discourse functions. Then the surface
realization module produces the output that conforms to the text plans. In the last
section, we propose a template-based generation method to better reflect the effect of
fine-grained discourse functions over the lexical level realization outcome. We also
plan to explore iterative refinement methods to promote the realization faithfulness
while maintaining the overall fluency.
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Chapter 1

Introduction

1.1 Motivation

The automatic construction of natural language text is a fundamental problem in artificial in-
telligence, as it enables more efficient interaction between machine and human. Traditionally,
text generation systems aim to convert certain input modality into the desired output text, such
as translating French text into English, describing images with captions, or summarizing long
documents into headlines. Before the emergence of neural models, most text generation systems
are template-based and equipped with hand-crafted rules to ensure the correctness of the out-
put [6, 18, 23, 42, 44, 54]. Consequently, building such systems is labor intensive and the same
procedure likely has to be repeated for different applications.

The breakthrough of sequence-to-sequence (seq2seq) learning has made tremendous progress
in this area [3, 46, 68]. A typical seq2seq model comprises of an encoder-decoder structure,
where the encoder consumes the input sequence symbols and converts them into dense hidden
representations, and the decoder learns to produce the output symbols one at a time. The learning
is driven by maximizing log likelihood of the ground-truth symbols over each time step, effec-
tively specifying a conditional language model P(y;|y—;, ), where x is the input sequence and
y; is the i-th token in the output. The model can be end-to-end trained in a completely data-
driven manner, without the need for rule crafting or expert knowledge. More recently, large-
scale pre-training on deep Transformer models has pushed the boundary of this paradigm even
further [14, 53, 75]. The openAl GPT-2 model, which is trained over 40GB of Internet text, has
shown to be capable to generate impressively fluent document for virtually any given topic.

However, seq2seq models have several known limitations. The auto-regressive generation
procedure results in low controllability. A decoding error in one step can steer away the entire
generation to a different semantic space [7, 55]. Consequently, the model can produce fabricated
events (hallucination) [58, 73] or it might always resort to a generic and boring response [35, 66].
Additionally, although with sufficient training the model can approach human level fluency, its
outputs usually lack cohesiveness and proper discourse structures. Because learning such global
properties is difficult due to the lack of accurate supervision signals.

In this thesis, we aim to design neural text generation models with improved controllability
over the target output. We draw inspirations from traditional text generation systems, where an



intermediate text planning step is performed prior to the surface form realization. We adopt a
more generalized definition of text planning, which includes the selection of relevant content
(what to say) and the sentence-level content organization (when to say what). Concretely, our
system manipulates keyphrases as content units. Given a set of candidate keyphrases that are
either retrieved or user-specified, the text planner predicts the inclusion of them for each sentence.
The surface realization module then produces the final output, given lexical constraints imposed
by the text plans. We conduct experiments across different domains to verify the effectiveness of
this proposal. In particular, we focus on a novel argument generation task, as it necessitates more
fine-grained text planning and control to achieve desired communication goals. More details are
discussed in the following section.

1.2 Argument Generation

Argumentation is a crucial procedure in various aspects of our lives, including informed decision
making [20, 28, 29, 45], critical thinking training [2, 61], and online civic discussions [10, 48].
However, manual construction of arguments is time consuming and often requires domain exper-
tise to guarantee the soundness and persuasiveness of the argument. Existing work on automated
argument construction mostly leverages a retrieval based method [8, 17, 62] and a stance classi-
fier [4] to extract indexed human written arguments. While these prototypes demonstrate great
potentials, they are often limited by the human arguments in domains and diversity. They can
hardly adapt to unseen topics or utilize emerging evidence or facts.

To address the above issues, we utilize the data-driven neural generation approach. In or-
der to leverage the powerful seq2seq framework, we formulate the argument generation task as:
given an input statement of certain stance for a controversial topic, generating a counter-argument
paragraph that offers an alternative stance. For experiments, we collect a large scale dataset from
Reddit r/ChangeMyView - an online forum that encourages open discussions. A typical post
in this forum is posted by an OP (original poster) user, who starts the threads with a post of her
stance over some topic (e.g., Government should be allowed to view my e-mails). Other users
engage in the discussion through replying to the thread, among which the ones deemed persua-
sive are marked with a special delta symbol. We leverage such signal and user endorsement
(karma) to retain high quality persuasive replies for study.

Although neural text generation models have achieved outstanding results in tasks such as
machine translation and summarization, distinct challenges exist for this open-ended domain:

¢ Human usually leverages external information as supporting evidence or logic reasoning.
As aresult, the input alone is insufficient to infer the output, and it is prohibitively difficult
to learn such external world knowledge from a single dataset.

¢ Persuasive arguments often exhibit proper discourse structures, which may vary depending
on the type of evidence or reasoning. Labeling such types are time consuming and often
suffers from low agreements.

In the following section, we discuss our proposed models to tackle the above challenges.


r/ChangeMyView

1.3 Method Overview

In Chapter 3 we first introduce a neural argument generation framework equipped with a retrieval
component. This model is able to retrieve and rank relevant evidence sentences from Wikipedia,
which are then encoded together with the input statement as a concatenated sequence. For decod-
ing, we employ a multi-task learning based approach to first generates the keyphrases as talking
points, followed by the target argument in a separate decoder. Experimental results demonstrate
that our proposed model achieves better BLEU [49] and METEOR [13] scores than a baseline
model without such information. While human judges still prefers the pure retrieval based system
over our model, highlighting the challenge for the generation paradigm in this domain.

In order to achieve better controllability, we present a two-step neural generation model as
detailed in Chapter 4. The key contribution is a separate text planning module that can be end-
to-end trained with the main model, which also produces content selection and sentence style
specification. We utilize keyphrases as selection units, and supply a set of keyphrase candidates
as additional input to facilitate text planning. The text planner first determines which keyphrases
will be used for each sentence, through an attention mechanism. The selection results will be
converted into vectors to participate in the calculation of surface realization decoder states. Dur-
ing training, an additional loss term is added to account for the selection accuracy, based on
match with human examples. In order to verify the generalizability of this approach, we con-
sider two additional domains: the Wikipedia introduction generation and paper abstract genera-
tion (AGENDA [31]) tasks. Experimental results demonstrate improved automatic metrics over
comparisons without the planning stage. Moreover, we observe a strong correlation between the
keyphrase selection and the final output quality in BLEU and ROUGE [38], further implying the
benefits of the text planner.

Our preliminary work so far has identified text planning as a crucial step in ensuring the gen-
eration quality for argument generation. The controllability it offers are mainly from the learned
representation of the selected keyphrases and the coarse-grained style specification. However,
there is still no guarantee that the supplied keyphrases will be used by the surface realization
decoder. Even when they are used, it might also result in unnatural output when the model fails
to generate necessary functional words. To mitigate these problems, our major plan for the rest
of this thesis is to design a refinement-based generation method that can better handle the mod-
eling of content, functional, and discourse words given the appropriate discourse functions. We
hypothesize that the interplay between content and sentence function can be leveraged to predict
the proper discourse templates.



Chapter 2
Related Work

2.1 Natural Language Generation (NLG)

Natural language generation concerns the general task of automatically producing natural lan-
guage output. Depending on the input modality, NLG can be broadly categorized as text-to-
text (e.g., machine translation, summarization, and dialogue generation) and data-to-text (e.g.,
sports and weather report generation, review generation given attributes). Over the past decade,
data-driven approaches have been widely applied to text-to-text tasks and achieved impressive
results [3, 59, 68]. Meanwhile, due to the difficulties in constructing large-scale paired cor-
pora, data-to-text tasks still pose challenges, especially in producing both fluent and faithful
output [52, 73]. Recent endeavors are limited to specific domains and text genres, and mostly
deal with relatively short outputs [11, 16]. Despite promising results, it is unclear how well these
models can transfer to new domains with more structured output. Part of the goal of this thesis
is to design NLG models that can handle such scenario.

Many traditional NLG systems break down the task into three steps. Content determination
selects a subset of the input information that are relevant to the context and audience. For ex-
ample, Barzilay and Lee model the dynamic of topic shifts to determine the order of information
to present [5]. Duboue and McKeown cluster the semantic input and study their associations
with language models, which in turn inform the inclusion of different data in the generation [15].
Second, during the text planning stage, the model organizes the selected data in a logical and
natural order. Because of the difficulties in acquiring labeled data, existing methods mostly rely
on hand-crafted rules and domain knowledge such as Rhetorical Structure Theory [23, 42, 44].
In the final surface realization stage, the system converts the intermediate text plans into natural
language text. The major challenge lies in the lexical variability and how to generate functional
words unseen from the input. To ensure the grammticality, early methods rely on templates that
are manually constructed for certain domains [6, 18, 43, 57, 74].

2.2 Neural Encoder-Decoder Models

One recent breakthrough in this area is the neural encoder-decoder framework. It is first pro-
posed for machine translation [68], where a recurrent neural network (RNN) based encoder first



consumes the source language as a sequence of tokens and learns dense representations for each
of them. The decoder, also a RNN model, yields the target language token-by-token. To facilitate
the learning of alignment between source and target, attention mechanism is proposed to weight
the encoder states as context for each decoder step [3]. Unlike many rule-based approaches, this
framework can be end-to-end trained with minimum human intervention. It is also shown to per-
form remarkably well on other text-to-text tasks such as summarization [9, 59, 63] and dialogue
generation [36, 66].

However, the sequential nature of RNN still makes long output generation difficult due to
vanishing gradient [22]. The Transformer is proposed as an alternative [69], which solely relies
on the attention mechanism to learn the dependencies between input and output. It not only
achieves state-of-the-art performance for various sequence learning tasks [60, 69], but also shows
great power in a wide range of NLP tasks with large-scale pre-training [14, 53, 75].

To date there exist a multitude of pre-trained Transformer frameworks, among which the
BERT model [14] and OpenAl GPT-2 [53] are the most representative. The BERT model is
an encoder-only Transformer. It adopts the masked-language model loss and is entirely non-
autoregressive. Although it is primarily designed for natural language understanding tasks, re-
searchers have shown its capabilities for NLG tasks [34, 72]. The OpenAl GPT-2 model is
pre-trained in an autoregressive manner, which naturally learns a sequential language model.
It thus can be easily fine-tuned for various NLG tasks without much architectural modifica-
tions [12, 21, 64].

2.3 Controllability in Text Generation

Large-scale pre-training and neural encoder-decoder framework are now the dominant ingredi-
ents for NLG models. Neural NLG models can be entirely data-driven and end-to-end trained
without feature engineering or template crafting. Nonetheless, contrary to the traditional ap-
proaches, they blend the planning and realization tasks. As a result, it is hard to ensure the output
will faithfully reflect the input data. For example, Wiseman, Shieber, and Rush observe that
the neural data-to-text generation model tends to hallucinate factual information that cannot be
found in the input [73]. Furthermore, in long output such as argumentative essays, human experts
have rated neural model’s generation as “not well-structured” and “not get to the point™!. This
is likely because language model pre-training is insufficient to capture the discourse structures,
which largely limits the usefulness of these models when the outputs serve to deliver certain
communicative goals, such as to educate, to persuade, or to entertain.

To solve the above challenges, we believe it is crucial to understand and improve the con-
trollability of neural NLG models. Prior work generally frames controllable text generation as
producing output that satisfies certain given attributes, such as sentiment [19, 24], topic [12], text
genres [30], and simplicity [67]. In this thesis, controllability is measured in two dimensions:
1) whether the generation correctly reflects the key semantic information in the input; 2) when
desired discourse roles are given for each output sentence, how well the model can utilize them.

"https://www.economist.com/open-future/2019/10/01/how-to-respond-to-climate-change-if-you-are-an-
algorithm



Chapter 3

Argument Generation with External
Information (Completed Work)

3.1 Motivation and Task Formulation

Argumentation is one of the most important rhetorical modes in discourse theory [47]. It is
adopted throughout our daily communication in a wide-range of settings, such as persuasive
essay composition, corporation decision making, and political debate. Successful arguments
usually contain a combination of credible evidence and convincing reasoning, which makes it a
complex task even for humans. Thus we believe the automatic construction of arguments will not
only expedite the decision-making process, but also serve as a crucial building block for general
NLG frameworks.

Prior work on argument generation has highlighted two major challenges: 1) the encoding
of topic-related world knowledge, and 2) the design of the downstream NLG module given the
topic and stance constraints. A popular approach is to build an inventory of human-written
arguments. Then, information retrieval tools can be utilized to search the most relevant existing
arguments [62, 70, 71]. In order to construct natural language output, the dominant method is to
rely on sentence ordering and stance classification algorithms based on argumentation theories
and other human heuristics [56, 62]. Although the generated arguments are topic-relevant and
locally fluent, they are inherently limited in expressiveness and domains.

In this work, we consider a similar retrieval framework for inclusion of external knowledge,
but devise a neural NLG component for better content realization. We focus on the counter-
argument generation task, where the model produces a paragraph-level counter-argument oppos-
ing an input argument. An example is shown below:

Input argument (OP): CMV: Bernie Sanders is too old to be president. Bernie Sanders is clearly
an intelligent man with a lot of interesting views (...) But right now I feel I cannot truly support
him for actually being elected president because of his age.

Counter-argument: This is one of the benefits of the grueling campaign trail. If the man is ca-
pable of making it through the year and a half primary and general election season, he is certainly
more than fit to be president currently. (...) For some historical perspective, there have been
many Presidents far younger who have had horrible health problems (JFK and LBJ, to name a
few), while others have gone on to remain active in politics for years after.




Notice that the counter-argument starts with a reasoning on the relation between campaign
and presidency, then draws historical precedents to further support its thesis. None of these infor-
mation is directly mentioned in the input, demonstrating the necessities for external information,
and the complexities in content organization.

3.2 Data Collection

We construct a new dataset for argument generation from Reddit ChangeMyView! (henceforth
CMV) forum. It is an active online community featuring open discussion and persuasion. Each
thread is started with an original post (OP), which describes opinions over certain topic. Other
users offer counter-argument replies to change the view of the OP user. Whenever the OP user
acknowledges a change of view, a delta will be awarded to that post. Additionally, like other
forums, the system also records upvotes/downvotes endorsed by users. The difference of upvotes
and downvotes is denoted as karma.

For quality control, we only retain the root replies that are: 1) longer than 5 words, 2) without
offensive languages, 3) awarded with a delta or has positive karma. Further, certain topics
are non-standard in argumentation study and largely personal preference (such as discussions on
fictional characters). We thus focus on the politics domain, which tends to receive good popular-
ity and also covers diverse topics. In order to isolate these threads, we build a logistic regression
classifier with unigram features, learned from heuristically labeled Wikipedia abstracts. In total,
we retain 12, 549 threads, each with 9.4 high-quality counter-arguments on average.

3.3 Framework

Our proposed pipeline consists of two components. The evidence retriever first queries Wikipedia
for relevant articles, which are then reranked based on similarity to the input. A keyphrase extrac-
tor further condenses the evidence into a list of keyphrases as “talking points”. Next, the neural
argument generation component encodes the input and evidence, and generates the keyphrases
in the first pass, followed by the final counter-argument in a separate decoder. We depict the
simplified pipeline in Figure 3.1. More details can be found in our paper [25].

(Ibelieve(...)CMV. ] .. Bnooder(bi-LSTM) KP decoder
Retrieval T I """" PR R
Rerank
Evidence 2 \l f ARG decoder
Evidence 3

Figure 3.1: Our system pipeline. The input OP (blue) is first used to retrieve Wikipedia articles. The
concatenation of the input and evidence is fed in the biLSTM encoder. The generation component first
yields keyphrases as talking points, and then produces the counter-argument by an argument decoder.

'https://www.reddit.com/r/changemyview/
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3.3.1 Evidence Retrieval and Reranking

We consider Wikipedia as the knowledge base because of its broad topic coverage and objective
nature. We construct queries from either the counter-argument (training time) or input (inference
time). We first identify the post-representative topic signature words [39]. We create query for
each input/counter-argument sentence, by concatenating noun phrases and verbs that contain
topic signatures. For each query, we keep the top five returned Wikipedia articles, which are then
segmented into sentences and aggregated for TF-IDF based reranking. Top 10 sentences are kept
as evidence for subsequent steps.

3.3.2 Keyphrase Extraction

Prior work has explored different kinds of information bearing items for content planning. Such
as database records [32] and AMR trees [33, 65]. Our system operates over keyphrases, because
they can be automatically identified and easily encoded sequentially. We first extract candidate
noun phrases and verb phrases using Stanford CoreNLP [41], then filter base on length (2-10
tokens) and whether they contain content words.

3.3.3 Argument Generation

We formalize the task as given an input statement £ and retrieved evidence =, to generate a
sequence of keyphrases y? and argument y“. During training, we jointly optimize the likelihood
of the two output sequences given the input = {x®; x¥}. As illustrated in Figure 3.1, a bidi-
rectional LSTM (biLSTM) encoder first consumes the sequence of concatenated inputs [x; z”]
and learns a hidden states h; for step . We consider two separate LSTM decoders, both are ini-
tialized by the last hidden states of the encoder. We first generate keyphrases and then argument.
Both decoders are equipped with the attention mechanism [3] to access the input. The argument
decoder additionally attends the keyphrase decoder, enabling better utilization of content plans.

Decoding Strategy. At inference time, we run a hybrid beam search for argument decoding.
Concretely, we modify the standard beam search: (1) Given beam size k£, for each step, we take
the top n words (n < k) deterministically and randomly draw the next £ — n words from the rest
of vocabulary. (2) Every p steps, we rerank the beams base on coverage of input content words.

3.4 Experiments and Results

3.4.1 Experimental setups

To diversify the evidence samples and to expedite training, for each input statement sentence, we
sample up to three evidence sentences to form one training example. We repeat three times for
the same original instance. We split the final CMV dataset into 224, 553 for training, 13,911 and
30,417 for validation and test. We consider pre-training a standard seq2seq model with input
OP and target argument as language model initialization for part of the full model. Experiments
confirm that this step boosts METEOR [13] scores by more than 2 points.

8



3.4.2 Baselines and Comparisons

We report results over the following baseline and comparisons: (1) RETRIEVAL returns the con-
catenated evidence sentences; (2) SEQ2SEQ directly learns to generate argument from input OP;
(3) SEQ2SEQ + encode evd, that encodes the concatenation of OP and evidence sentences. We
further conduct ablation study by: a) decoding sharing (DEC-SHARED); b) disabling keyphrase
attention (w/o attend KP).

3.4.3 Results and Discussions.

We report BLEU [49] (up to bigrams) and ME- BLEU MTR Len.
TEOR [13] for automatic evaluation. Table 3.1 RETRIEVAL 1532 1219 151.2
shows that our proposed models generally achieve SEQ2SEQ 1021 574 349
significantly better BLEU than all comparisons. The +encodeevd 1803 732 670
RETRIEVAL method scores higher METEOR, which ~ DEC-SHARED 2471 10.05 74.8
is likely because its output are substantially longer wlo attend KP 2122 891  69.1

. DEC-SEPARATE  24.52 11.27 88.3
and therefore have higher recall. wio attend KP 2424 10.63  88.6

We carry out human evaluation on grammatical-
ity, informativeness (whether the argument contains
useful information), and relevance (whether the ar-
gument is on-topic and of different stance). Three
proficient English speakers are asked to read 30 randomly chosen sets of samples. For each out-
put, human judges rate the three aspects on a scale of 1 (worst) to 5 (best), as shown in Table 3.2.

Table 3.1: Results on argument generation
by BLEU-2 and METEOR (MTR). The best
performing model is highlighted in bold.

System Gram. Info. Rel.

External evidence improves generation quality.

Our proposed model that leverages external evidence
outperforms the SEQ2SEQ model on both automatic
and human evaluation. Besides, encoding the re-
trieved evidence helps SEQ2SEQ with both BLEU
and METEOR, further confirming the necessities of

RETRIEVAL 45+06 3.7+09 33+ 1.1
SEQ2SEQ 33+1.1 1.24+05 14+0.7
PROPOSED 2.54+08 1.6 +0.8 1.8 £0.8

Table 3.2: Human evaluation results. Our
model is perceived to be more informa-

tive and relevant than SEQ2SEQ baseline.
While RETRIEVAL’s output is significantly
preferred by human in all aspects.

the external information.

Decoding keyphrases helps argument generation.

By first generating keyphrases, our model yields better BLEU and METEOR scores than the
SEQ2SEQ comparisons. Allowing the argument decoder to attend generated keyphrase helps
gain further improvements, highlighting the crucial role of content planning in this task.

Generation-based models compare unfavorably to retrieval model. Table 3.2 indicates that
human prefer RETRIEVAL in all aspects. Closer inspections reveal that our model tends to capture
stylistic language that are generic to the domain. Meanwhile the retrieved evidence sentences are
human-edited, thus perceived to be more fluent and informative.



Chapter 4

Controllable Generation with Text
Planning (Completed Work)

4.1 Motivation and Task Formulation

Neural sequential NLG models have achieved major breakthroughs in many tasks [3, 46, 66, 68,
69]. They differ from traditional systems in blending the planning and realization stages with the
end-to-end training. While their outputs are usually impressively fluent, they are more inclined
to be incoherent and unfaithful to the input [37, 73]. We aim to solve this problem by designing
a two-step generation framework, that learns to produce sentence level content plans and reflect
them in a surface realizer.

We consider a generic NLG setup: given an input statement x, and a keyphrase bank M, we
aim to generate the output y with a content plan over M. The content plan is implemented as
sentence level keyphrase selection, conditioned on the input and its own selection history. Op-
tionally, we assign linguistic style for each sentence, which further captures the domain-specific
discourse goals. To show the generalizability of our framework, we experiment with three dis-
tinct domains, as detailed in the following sections.

4.2 Datasets

4.2.1 Argument Generation

Following our prior work [25, 27], we study the argument generation task on Reddit Change-
MyView. We consider the OP statement as input x. For keyphrase bank M, we first retrieve
relevant passages from commoncrawl .org, which are then filtered based on whether their
stances oppose the OP. We chunk the retained passages into noun phrases and verb phrases, from
which the ones with topic signature word or is a Wikipedia title are extracted to form M.

We additionally annotate each sentence with one of three argumentative discourse func-
tions [40, 51]: CLAIM are propositions with one or two talking points; PREMISE are supporting
arguments with reasoning and evidence; FUNCTIONAL are generic statements such as “I under-

10


commoncrawl.org

Argument Wikipedia AGENDA
# Args  (Nor. / Sim.)

# Train 272,147 125,136 38,720
# Dev 40,291 21,004 1,000
# Test 46,757 23,534 1,000
# Tokens 54.87 70.57/48.60 141.34
# KP (candidates) 55.80 23.56 12.23

# KP (selected) 11.61 16.01/11.11  12.23

Table 4.1: Statistics of the three datasets. On AGENDA, entities are extracted from abstract as
keyphrases, hence all candidates are “selected”.

stand what you said.”. The annotation is done automatically with heuristics !, which identifies
29.1% sentences as CLAIM, 62.2% and 8.7% as PREMISE and FUNCTIONAL, respectively.

4.2.2 Wikipedia Paragraph Generation

We study a second task of generating Wikipedia introduction paragraph. We create an aligned
dataset from normal Wikipedia and its simplified version. The alignment is based on title match-
ing, after removing the articles without a proper first paragraph of at least 10 words. The input
comprises the article title and a binary simplicity style. For each title, we merge the keyphrases
from both simple and normal version to form M. Since the language style in Wikipedia is less
diverse, therefore we consider sentence complexity as style, proxied by the length.

4.2.3 Paper Abstract Generation

The third task is generating abstracts for scientific papers given paper title and entities [1, 31]. Ta-
ble 4.1 shows that this dataset is the smallest and has the longest output, the learning of sentence
style thus becomes very difficult. Therefore we disable the style specification component.

4.3 Model

Input Encoding. The input « is first encoded with a biLSTM network. For each keyphrase
in M, we first calculate the keyphrase embedding e; by summing up its words’ GloVe embed-
dings [50]. Then, the embeddings of all keyphrases are fed into a biLSTM keyphrase reader,
whose hidden states hj is used as the final keyphrase representation. To facilitate learning to
start and end, we always add special tokens <START> and <END> to M.

Sentence-Level Content Planning. Given the keyphrase bank M, the content planning model
selects a subset of M for each sentence. We devise a LSTM f as content planning decoder,
which consumes the sum of selected keyphrase representations for sentence j — 1, and predicts

"We refer readers to our paper [26] for the complete set of rules.
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Figure 4.1: Overview of our proposed text planning based system.

selection for sentence j using an attention mechanism:

M
s; = f(sj-1, Iz: vjrhy) (4.1)
k=1
P(vji1klvry) = o(wis; + q;W*hy) (4.2)
j
g; = (Q_v)7T % [hi... iy (4.3)
t; = sc?f_tinax(wg tanh(W*[m; s;])) 4.4)

where s; is the LSTM states, v;, € {0, 1} indicates whether the k-th keyphrase is selected for
sentence j. We maintain a selection history g; that acts as query in predicting v, (Eq (4.2)).
A categorical variable ¢; is predicted to capture the stylistic variations, conditioned on both
the planner’s hidden states and the summation of selected keyphrase representations (Eq (4.4)).
During training, both the content selection and style specification incur cross-entropy terms that
are jointly optimized with the realization model.

Surface Realization. Given the content plans and predicted style labels, the surface realizer
specifies a conditional language model P(v;|y1.4—1, S, ti), implemented as a LSTM g:

zy = g(z¢—1, tanh(W"s ;) + W*"y,_1)) 4.5)
P(yily1:-1, 85, tr) = softmax(tanh(W°[z,; ¢’; cf5 tyw)])) (4.6)
where z; is the hidden states, ¢}’ and ¢ are context vectors from a bilinear attention from z; to

the input encoder states h,; and keyphrase memory bank hj. W** are trainable parameters.

4.4 Experiments

4.4.1 Baselines and Comparisons.

We consider SEQ2SEQ with attention [3] as a baseline for all tasks, which encodes the input text
concatenated with keyphrase bank as a sequence of tokens. For argument generation, our prior
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B-2 R-LL MTR Len. B-2 R-L MTR Len.
Normal Wikipedia Simple Wikipedia

RETRIEVAL 20.10 28.60 12.23 445 2199 3344 1297 34.7
SEQ2SEQ 22.62 2749 1474 529 2198 29.36 1694 52.8
LOGREGSEL 2928 28.65 2776 343 559 2321 13.27 13.0
OURS (Oracle Plan.) 37.70* 45.41* 31.65* 79.8 34.22* 45.48* 32.84* 70.5
OURS 33.76* 40.08* 2570 65.4 31.22* 40.76* 26.76* 58.7
w/o Style 31.06* 37.72* 24.56 71.0 27.94* 38.20* 25.87* 64.5

Table 4.4: Results on Wikipedia generation. Best results without oracle planning are in bold.

work [25], together with a RETRIEVAL baseline that returns external evidence sentences, are
used for comparison. For Wikipedia, the RETRIEVAL baseline returns the most similar training
set paragraph with the input title and keyphrases. The logistic regression model (LOGREGSEL)
predicts keyphrase selection by global types. For abstract generation, the GRAPHWRITER [31]
with rich knowledge graph encoding is also listed. To isolate the effect of content planning, we
also experiment with the Oracle Plan setup, where the surface realizer has access to the gold-

standard keyphrase selection and style labels.

4.4.2 Results and Discussions.

Argument Generation. Table 4.2 shows that
our model outperforms all baselines on BLEU
and ROUGE. When oralce plan is supplied,
it further gains 3 BLEU points and achieves
better METEOR than all comparisons, indicat-
ing the importance of content selection and
ordering. Our model without style speci-
fication scores lower BLEU and METEOR.
Wikipedia Generation. Results on Wikipedia
generation are shown in Table 4.4, where our
model again outperforms all comparisons in al-

B-2 R-L MTR Len.

RETRIEVAL 7.81 15.68 10.59 150.0
SEQ2SEQ 3.64 19.00 9.85 51.7
H&W [25] 573 1444 382 36.5
OURS (Oracle) 16.30 20.25 11.61 65.5
OURS 13.19 20.15 1042 65.2
w/o Style 12.61 20.28 10.15 64.5

Table 4.2: Results on argument generation with
BLEU-2, ROUGE-L, and METEOR. Best sys-
tems without oracle planning are in bold.

most all metrics. We also observe a significant drop in ablated model, which implies the ef-
fectiveness of style usage in this domain. The oracle plan further improves our model with 3-5

BLEU and ROUGE points.

Abstract Generation. In Table 4.3 we compare
with the state-of-the-art GRAPHWRITER model
on AGENDA dataset. Our model with ora-
cle plans achieve competitive results in all met-
rics, even without using any relation informa-
tion. Our model also significantly outperforms the
SEQ2SEQ baseline, which has the same input as
ours.

13

B-2 R-L MTR Len.

GRAPHWRITER 29.95 28.56 19.90 130.1

SEQ2SEQ 18.13 21.03 13.95 134.8
OURS (Oracle) 25.03 26.18 19.21 125.8
OURS 20.32 23.30 15.95 128.3

Table 4.3: Results on paper abstract generation.



Chapter 5

Improving Controllability for Long Text
Generation (Proposed Work)

5.1 Motivation

One major issue with our systems so far is the lack of fine-grained control. This originates from
both the potential insufficiency in keyphrase-only content modeling, and the sequential surface
realization stage. For instance, given the same keyphrase set {“multi-faith society”, “people”,

“religion”, “anything illegal”, “obey the law”}, the human written sentence and one of our sys-
tems’ output are:

® [n a multi-faith society, people have the right to practise their religion as long as they obey
the law and don’t do anything illegal. (Human)

® [n a multi-faith society where people are forced to follow their religion, they are forced to
obey the law, and if they do anything illegal they will be killed. (Model)

The keyphrase set of this example is reasonably detailed and covers most content. But our
model’s output deviates from the desired discourse function (to express the belief of the author)
of the human written sentence. It is clear to us that, even with correctly predicted content plans
and a content faithful realization, the generation fails to deliver the communicative goals without
understanding the discourse role for each sentence.

Furthermore, as noted in early chapters, another major challenge for neural NLG models is
global coherence and cohesiveness over long output. Even the widely circulated article generated
by GPT-2 model still exhibits inconsistencies across paragraphs. We believe the controllability
on discourse level will be the key for both the above two questions.

5.2 Fine-Grained Discourse Function

Many traditional text generation systems explicitly model the discourse relation between mes-
sages. For example, a soccer report usually starts with a general description and outcome of
the game, then expands into major events in chronological order. Defining the set of common
discourse roles is crucial to produce more structured output, but is highly domain-dependent and
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can require substantial expert knowledge. This naturally hinders the use of data-driven models.
In our past work [26] sentence style specification serves a similar purpose. However we find
the conditional generation setup with only limited interaction between realization and style vari-
able to be suboptimal. In our proposal, we aim to leverage unsupervised discourse role labeling
method, and investigate its effect over the word level realization.

5.3 Transfer from Large Pre-trained Model with Refinement

Large Transformer models pre-trained over heterogeneous corpora are shown to be extremely
effective in language modeling [14, 53]. They can also be adapted for NLG tasks, the quality
of which often depends on the decoding strategies. The straightforward sampling based auto-
regressive decoding are efficient solution for domains without complicated discourse structures
and planning, such as machine translation and dialogue generation. While for tasks such as
argument generation and news article generation, it is extremely difficult to find a satisfactory
sequence in one shot. A critical next step is thus to refine the generation with desired constraints
from either content or discourse level.

5.4 Timeline and Milestones

Feb 2020 (1) Implement and evaluate one-pass based generation model
with latent variable controlling the discourse function and tem-
plate generation. (2) Prepare data in different domains for gener-
ation, such as news, Wikipedia.

Mar 2020 (1) Thesis comprehensive exam. (2) Thesis proposal. (3) Imple-
ment and evaluate two-pass and non-autoregressive based mod-
els to control the discourse function and template. Compare with
the one-pass based method. (4) Experiment the refinement-based
generation on different domains.

Apr - May 2020 | (1) Experiments and paper writing on refinement-based genera-
tion for EMNLP 2020. (2) Finish PhD course requirement and
submit for candidacy reviews.

Jun - Aug 2020 | (1) Propose argument generation models on persuasion, and ex-
plore other text genres in argumentation, such as debate tran-
scripts. (2) Toolkit building for our argument generation model
that can be deployed online.

Sep - Dec 2020 | (1) Submit work to ACL 2021. (2) Start thesis writing.

Jan - Mar 2021 | (1) Schedule dissertation defense. (2) Thesis writing.

Mar - Jun 2021 | (1) Finish and submit thesis.
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