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Towards Faithful Logical Natural Language
Generation from Structured Data ∗

Ao Liu

Abstract

Natural Language Generation (NLG) is the process of generating natural lan-
guage outputs from certain inputs, which is a vital component of human-machine
interfaces, such as modern Artificial Intelligence (AI) assistants. A subfield of
NLG is data-to-text, which aims to enhance the accessibility of complex data for
humans by generating understandable natural language descriptions from struc-
tured tables. Traditionally, most methodologies have focused on the generation of
surface-level descriptions of superficial facts explicitly present in structured data.
However, a recent trend, known as logical natural language generation (logical
NLG), is aiming to describe inferred facts in the data, which requires logical
reasoning over structure data.

While deep learning models, particularly large-scale pretrained language mod-
els, have shown great promise in terms of fluency due to the wealth of contextual
knowledge learned from large-scale corpora, they fail to address a critical aspect
of logical NLG: faithfulness. Faithfulness, in this context, refers to the factual
consistency of the generated content with the given data. Logical NLG poses
challenges for maintaining faithfulness as it requires logical reasoning during con-
tent planning and non-trivial surface realization to transform an inferred fact into
natural language. The joint learning of reasoning and generation is challenging
for end-to-end neural models. The scarcity of logical NLG data exacerbates this
difficulty.

This dissertation proposes two novel approaches to enhance the faithfulness of
logical NLG from structured tables by leveraging logical forms (LFs) as additional
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resources to address the primary challenges of logical NLG. The first methodology
treats LFs as explicit control features for generating the target textual description.
The LF control allows the model to primarily concentrate on surface realization,
as the LF provides a complete logical fact for description, thereby reducing the
need for logical reasoning over the table. However, training a model with explicit
LF control requires large-scale parallel data of LFs and texts, which is limited due
to the labor-intensive human annotation required. To address the issue of data
scarcity, this proposed approach aims to augment parallel LF-to-text data based
on the abundant information in tables. The method consists of two stages for data
augmentation. The first part generates additional LFs and texts from existing
tables using pretrained table-to-text and table-to-LF models, incorporating a pre-
defined logic type as a prompt to foster topic-diversified augmented data. Because
these LFs and texts are independently augmented and not aligned, the second part
employs a semi-supervised dual learning framework for creating pseudo-parallel
data from the new LFs and texts, thereby improving the training of the NLG
model. Experimental results have proven the effectiveness of this approach.

The second approach, in contrast, addresses table-to-text generation without
explicit LF control, thus requiring the model to engage in logical reasoning. This
approach only augments LFs as pretraining resources for task transfer learning,
proposing a pretraining task for generating correct LFs from a table. The model
is first pretrained on this task and then finetuned on the logical NLG task. LFs
represent unambiguous semantics, enabling models to learn more reliable logical
reasoning from LF generation and transfer the knowledge to downstream NLG
tasks. Furthermore, a rule-based sampling method is proposed to collect a large
amount of LFs for pretraining to alleviate the data scarcity problem. To bet-
ter assess logical NLG, we introduce a controlled logical NLG benchmark with
annotated highlighted table cells serving as control features. Several pretrained
language models were selected as the basis to evaluate our method, and experi-
mental results have demonstrated that the pretraining improves the models’ log-
ical reasoning abilities over tables and enhances their faithfulness on two logical
NLG benchmarks.

We also conducted a comparative analysis of the difficulties associated with
using different model interfaces and control features of logical NLG. Experimental
results showed that using explicit LFs eased the generation and led to the best
performance of the same model. The no-control interface with only a table as the
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input is the most challenging, where the model suffers from uncontrollability and
low fidelity. The interface with highlighted cells offers moderate controllability
and difficulty. The two proposed approaches offer different perspectives on the
utilization of LFs, thus adopting different interfaces. The first approach adopts
the interface with explicit LFs, focusing on the surface realization part of logical
NLG. The second approach, on the other hand, utilizes LFs implicitly and adopts
the interface with highlighted cells or only tables, tackling a more challenging task
setting of logical NLG. Unlike the first approach, it jointly solves logical reasoning
and surface realization, with a focus on the former step.

Keywords:

Logical NLG, Faithfulness, Data Augmentation, Pretrained Language Models,
Data-to-Text, Semi-Supervised Learning, Table Pretraining
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1 Introduction

1.1 Natural Language Generation from
Structured Data

Human communication and expression of information predominantly occur through
the conduit of natural language. The ongoing research in the realm of Artifi-
cial Intelligence (AI), with a specific emphasis on Natural Language Processing
(NLP), is primarily directed towards understanding and emulating human lan-
guage, thereby contributing to the development of AI applications that are eased
by the human-machine interface. Current AI assistants, for instance, engage in
dialogues with human users via natural language, comprehend user queries, and
generate contextual responses in a natural language form that is readily accessible
to the users. Central to these human-machine interfaces is the concept of Natu-
ral Language Generation (NLG), a crucial facet of NLP. In a widely-referenced
survey pertaining to NLG [99], it is delineated as the generation of human lan-
guage from some non-linguistic representation of information. Although there
is consensus that the end product of NLG should be text, the requirement of the
input being non-linguistic is yet to be universally accepted [107]. In a broader
context, NLG is also associated with generation tasks such as Text Summariza-
tion [1], Dialogue Generation [124], and Machine Translation [5], where the input
is a text. In this dissertation, our focus is on NLG from non-linguistic inputs,
specifically, structured data, also known as data-to-text generation [99, 93], in
contrast to text-to-text generation. For clarity, we exclusively use the term NLG
to denote data-to-text generation in this dissertation.

The main objective of data-to-text generation is to formulate natural language
descriptions for the given input data. The input can be composed of table
records [87], spreadsheets [22], key-value lists [60], expert knowledge bases [83],
and numerical data, like time series data from stock markets [106]. However,

1



the other data formats require minimal modifications to be transformed into
structured tables, which is why the terms “table-to-text” and “data-to-text” are
sometimes used interchangeably [54]. Data-to-text generation serves two primary
purposes. Firstly, it enhances the accessibility of structured data to human users.
The variations in domains, formats, and sizes of structured data restrict its avail-
ability to human experts. Converting or summarizing information in structured
data to human language can broaden its accessibility to the general public. The
second application is automatic content creation, such as writing weather reports,
sports reports, or financial reports which usually entail tremendous human effort
and are sometimes beyond the scope of limited human labor. Automating textual
report generation for structured data can alleviate the burden on human writ-
ers. This is also connected to the recent trend of Artificial Intelligence Generated
Content (AIGC), referring to content generation by AIs in accordance with user
requirements.

The earlier research on NLG [58, 76, 99] utilized a pipeline approach, consist-
ing of a series of submodules, each addressing a different aspect of NLG. These
modules were constructed based on rules and templates, embodying the linguistic
expertise of human professionals. They generally include processes such as decid-
ing the information to incorporate in the text, organizing the order and structure
of the information or facts, creating abstract templates as a plan, applying syntax
rules to generate surface forms, and so forth. Nowadays, data-driven approaches,
particularly those that are neural network-based, have taken center stage in this
domain [93, 94, 52, 21, 82]. The advent of graphical processing units (GPUs) and
parallel computing has enabled the training of large-scale deep learning models on
extensive datasets, thereby directly learning the end-to-end mapping from input
data to output text. More recently, the development of large-scale pretrained lan-
guage models (PLMs) [96, 98, 62] has occurred, which are capable of being utilized
in various downstream tasks and applications of NLP. The current cutting-edge
approaches finetune PLMs on downstream NLG datasets by transforming struc-
tured inputs into serialized textual sequences, easily attaining high generation
fluency and informativeness [52, 43]. In recent times, significant attention has
been drawn towards large language models such as GPT-3/GPT-4 [12, 84], along
with their application in dialogue systems like ChatGPT1. These models have

1https://openai.com/blog/chatgpt
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garnered recognition due to their remarkable text generation capabilities and in-
teractive conversational abilities. However, these models are often hidden from
the public or too large for finetuning. Therefore, an intriguing approach [139]
that has emerged involves directly prompting these models with minimal or even
no additional training, relying on the inherent contextual knowledge within the
language models.

1.2 Logical Natural Language Generation
The majority of existing NLG research primarily focuses on generating surface-
level descriptions of table records. Essentially, these descriptions simply rephrase
the superficial facts presented in the table without adding any additional insights
or summaries. For instance, Lebret et al. [60] focused on creating biographical
text from Wikipedia infoboxes. This required the model to select and rearrange
key-value pair attributes into coherent sentences. Similarly, some researchers [36]
have developed NLG models that translate structured meaning representations
into sentences. Some studies [126, 22, 87] have explored the use of large multi-
row tables as the generation context, which demands selecting and describing
salient and interesting information from these tables. Nonetheless, these methods
largely focus on producing superficial descriptions that do not incorporate logical
inference. However, in real-world scenarios, there is often a need for higher-level
summarization or conclusions drawn from the table information, as opposed to
merely repeating the facts present in the table records [112]. Such a need implies
the necessity of building advanced NLG systems that can produce more human-
like natural language descriptions through logical inference.

Recent research trends are moving towards this direction to inject logical in-
ference in text generation. Korn et al. [57], for example, have explored the auto-
matic generation of interesting trivia for superlative relational tables to enhance
user engagement in search apps like Google. While the aim is to generate fun
facts involving superlative information, the facts are explicitly provided in the
superlative tables, so no inference is required during the generation. Another
line of work [126, 39, 64] has developed data-to-text systems for sports sum-
mary generation in the domain of basketball games, which sometimes requires
inferring non-trivial facts via arithmetic reasoning such as addition or compari-
son. Parikh et al. [87], Su et al. [115] have explored the data-to-text generation
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Nation           Gold Medal        Silver Medal     Bronze Medal         Sports

Canada

Mexico

Colombia

3

2

1

1

3

3

2

1

0

Ice Hockey

Baseball

Roller Skating

Surface-level generation

﻿Sentence: Canada has got 3 gold medals in the tournament. 
Sentence: Mexico got 3 silver medals and 1 bronze medal.

﻿Title: Medal Table from Tournament

Logical NLG

﻿Sentence: There are 2 nations getting 3 silver medals in the game.
Sentence: Canada obtained the most gold medals in the game.

Figure 1.1: Example of table-to-text generation showing a comparison between
surface-level generation and logical NLG, borrowed from [17]. Logical
NLG requires logical inference over superficial facts in the table such
that the generated sentence is logically entailed by the table. The log-
ical NLG sentences are also examples of the LogicNLG dataset [17].

in open-domain tables, which sometimes also involves reasoning for the genera-
tion. However, these studies do not specifically solve the requirement of logical
inference in NLG.

Chen et al. [17] have emphasized the importance of logical inference in NLG,
and formally defined the logical natural language generation (logical NLG) task,
the definition of which is generating textual descriptions that can be logically
entailed by the given table. The table is viewed as a premise, and the target text
is a conclusion inferred from that premise. The term “logical” in logical NLG
refers to the logical reasoning process required to derive the fact included in the
conclusion. The definition of logical NLG implies the following two steps:

1. Logical reasoning, which involves inferring a correct fact from the superfi-
cial information in the table. For example, given the superficial facts “Gold
Medal of Canada is 3”, “Gold Medal of Mexico is 2” and “Gold Medal
of Colombia is 1” present in the table in Figure 1.1, one can infer a fact:
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“Gold Medal of Canada is the most”. The scope of logic in logical NLG
is specifically focused on inferences involving symbolic operations over the
tables [88], such as superlative operations like max/min, aggregation func-
tions like sum/mean, comparison operations like same/different, and count-
ing operations like total/only. This differentiates logical NLG from other
reasoning or inference-related NLP tasks like natural language inference [11]
and commonsense reasoning [117].

2. Surface realization, to describe the inferred fact in natural language. The
inferred fact is, in essence, an abstract concept about what to generate
and can be represented in different means other than natural language.
Conveying the inferred fact with accurate, human-like language realizations
is the focus of this step.

From the perspective of traditional NLG [99], the logical reasoning step is
similar to the content planning process, i.e., deciding an abstract plan about what
information to include in the final generation. Logical NLG differs from surface-
level generation by placing a higher-level demand to perform logical reasoning
over structured data during content planning. Figure 1.1 illustrates a comparison
between surface-level generation and logical NLG.

Logical NLG is valuable for real-world applications for two reasons. Firstly,
the ability to generate high-level descriptions is a key characteristic of human-
machine interfaces, such as dialogue systems. Instead of generating mundane
statements, humans expect an NLG system to provide more engaging and human-
like responses. Secondly, the generated content can be more beneficial for human
needs. For example, a data analyst might expect an NLG system to provide
data reports with rich data analysis, which necessitates logical inference over
data records. Therefore, logical NLG has attracted more and more attention
in the NLG community. Some recent studies have explored generating analyt-
ical descriptions for scientific tables [116, 79] in academic papers or generating
stock market comments from time series data [81, 51], which involves rich logical
reasoning.
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1.3 Problems of Logical Natural Language
Generation

Early rule-based NLG methods have explored adding inference in the generation,
incorporating deep reasoning over the user’s intentions, the communication goal,
and context data [112]. In this process, domain knowledge was necessary for de-
signing the rules governing content determination. Contemporary NLG research,
however, has discarded these rule-based approaches due to their limited flexibility
and scalability. Instead, a strong emphasis is now placed on deep learning ap-
proaches, particularly pretrained language models, which demonstrate an adept
ability to produce fluent, coherent sentences. Nonetheless, an essential property
of NLG that poses a considerable challenge is faithfulness, or fidelity, denoting
the factual consistency of the generated content with the input data.

Several studies have endeavored to address surface-level fidelity issue in NLG
by incorporating verbatim input elements such as entities and relationships in
tables. Employing techniques like the copy mechanism [37, 93, 94, 21], content
selection, and planning [93, 94], these works have proven effective in generating
factually accurate and coherent descriptions. Nonetheless, the advent of logical
NLG presents a logical fidelity challenge, as the generated descriptions encompass
inferred facts not explicitly provided in the input. Merely reusing the input
content does not ensure the factual accuracy of logical descriptions, as these
logical facts necessitate accurate inference from the tables. Thus, to achieve
logically faithful generation, a model must perform logical reasoning and surface
realization inherent to logical NLG.

Previous research [17] managed to accomplish satisfactory generation fluency
by finetuning PLMs on the training data. Nonetheless, even state-of-the-art
PLMs have achieved low faithfulness in the logical NLG task. These models can
formulate fluent and varied statements that depict seemingly rational facts, but
these facts may contradict the given table’s content with minimal linguistic vari-
ation. For instance, two statements, The Canada team scored more points than
the Brazil team and The Canada team scored fewer points than the Brazil team
are only different in one word, but their correctness can be opposite. Correctly
understanding symbolic operations such as comparison is the key to faithful gen-
eration.

The primary hurdle lies in training end-to-end neural models from the struc-
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tured data and the target natural language statement. The intermediate pro-
cedure of logical NLG, encompassing content planning and surface realization,
cannot be readily learned from mere table-text pairs. This is due to the ambigu-
ity and diversity of natural language that hinder models from acquiring reliable
logical inference knowledge, i.e., the composition of symbolic operations. For in-
stance, a sentence such as Alice was the first player that achieved champion in
2010 harbors two potential interpretations:

1. Alice secured the first championship of 2010 ;

2. Alice became the first champion in history, an accomplishment that occurred
in 2010.

Another example is a sentence Canada performed the best on the leaderboard.
The word best can be interpreted as the highest rank (inferred by an argmin
operation over a rank column) or the most scores (obtained by an argmax oper-
ation over a score column). The same fact can be conveyed by different language
representations, such as

1. Canada ranked the first in this game.

2. Canada scored the most goals.

Such linguistic ambiguity and diversity prevent end-to-end neural models from
learning unambiguous logical reasoning, especially when the available training
data is scarce. Regrettably, annotating logical NLG data is labor-intensive. De-
spite the availability of copious tabular data resources, logical descriptions ne-
cessitate human annotation. The data scarcity issue is particularly acute under
real-world conditions, where the acquisition of domain-specific data is crucial.

Several efforts have been made to mitigate the low faithfulness issue in logical
NLG. The strategy involves introducing mediators to bridge the gap between
the input data and the text. Chen et al. [17] proposed a coarse-to-fine ap-
proach to generate a masked textual template of the target sentence, followed
by generating the complete sentence by filling in the blanks of the template.
Chen et al. [19] proposed a latent variable model which takes selected enti-
ties as latent mediators. However, the performances of these methods remain
constrained due to the ambiguity and diversity of natural language references.
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Jhamtani and Berg-Kirkpatrick [51] introduced logical forms (programs) as la-
tent variables to improve the faithfulness of the generating captions from time
series data. A program composed of logical operations, such as begin and increase,
is sampled from the latent space, and the generation is conditioned on the pro-
grams with truth values. However, there is no program annotated for supervised
training; instead, an exhaustive search of all candidate programs is conducted for
inference. This is acceptable for the simple time series data with a small space
of programs, but the expansion to other domains is difficult due to the potential
feasibility issue in searching programs. Chen et al. [20] put forward a similar idea
to use logical forms (LFs) as mediators, addressing the NLG from open-domain
multi-row tables. They have defined the LFs to cover a large scope of logic types,
including the most common operations over database-like tables. These LFs are
annotated as meaning representations (MRs) of the target text, clearly defining
compound logical facts and reasoning procedures. Figure 1.2 shows examples of
the logical forms. Instead of treating LFs as latent variables, the authors uti-
lized LFs as explicit inputs alongside the tables to control the generation process.
Given such ground-truth LFs, the generation model can avoid error-prone log-
ical reasoning and shift its focus towards surface realization. Nevertheless, the
training of such models depends on the availability of large-scale parallel data of
<LF, text> pairs, and obtaining such aligned LFs necessitates additional human
annotation effort. Several subsequent studies [110, 68] also follow the explicit us-
age of LFs and proposed data augmentation techniques to augment such parallel
data. However, these data augmentation methods are based on the perturbation
of existing LFs, neglecting the faithfulness of the augmented data to the table.
These studies hence focus more on the surface realization from LFs to texts rather
than logical reasoning.

The previous studies have shown the difficulty of achieving faithfulness when
building NLG systems involving logical inference. While introducing explicit
mediators such as LFs can alleviate the difficulty of learning logical reasoning for
end-to-end models, it exacerbates the data scarcity problem due to the annotation
of ground-truth LFs. Therefore, building reliable logical NLG systems is still
an unsolved challenge. In this study, we aim to bridge this gap by addressing
the problems of (1) end-to-end learning of both logical reasoning and surface
realization and (2) data scarcity. To this end, we treat LFs as auxiliary mediators
and propose effective data augmentation approaches to improve the faithfulness
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of neural-based logical NLG systems.

1.4 Solutions
This study proposes two approaches to augment and utilize LFs. Previous stud-
ies [110, 68] has developed data augmentation of LFs via perturbating existing
LFs; however, such techniques can only produce semantically similar LFs and
often renders the augmented LFs factually incorrect. We take a different view
to augment data from tables. The large search space of logical relationships be-
tween entities in tables allows for inferring various additional logical facts as LFs.
While being rooted in the same principle to augment LFs from tables, the two ap-
proaches investigate distinct usage of the auxiliary LFs: the first one adopts LFs
as explicit control for generation, showing an explicit usage of LFs; the second
one explores an implicit usage of LFs for transfer learning.

Notably, our approach primarily follows the previous work on logical NLG from
open-domain Wikipedia tables [17, 20, 110, 125, 68], which specifies the type and
domain of the tables addressed by the proposed methods. Here, we introduce the
scope of our research by discussing these specifications.

• Firstly, such tables typically resemble a database–multi-row structures with
each row representing an item and each column denoting an attribute. Ex-
amples of these attributes could be an athlete’s place of birth, a country’s
area, or a tournament’s date. These tables allow for logical reasoning oper-
ations similar to the scope of SQL functions over databases, which we will
define in Section 2.2.1. The homogeneous data types (mostly numerical
and categorical values) and the simple structure of these tables simplify the
challenges associated with logical reasoning and text generation. In con-
trast, realistic tables are more diverse and may contain heterogeneous data
types or hierarchical structures. We do not consider the more complex data
resources in this study; however, our approaches can serve as the basis for
future work to deal with such table types.

• Secondly, the target tables in this study are open-domain Wikipedia tables,
a popular resource for developing data-to-text datasets [87, 17, 20]. Some
other studies [116, 79] have addressed the tables from scientific articles;
however, these scientific tables focus on a specific scenario of comparing,
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ranking, or summarizing numerical values of experimental results from sci-
entific papers. We adopt Wikipedia tables to cover a wider range of domains
and reasoning types.

• In addition, our research does not involve the generation based on multiple
tables or multi-modal context, which requires further adaptations of our
methods.

• Furthermore, we address the problem of generating a single sentence rather
than a full document. This allows us to separate the problem of logical in-
ference from other linguistic complexities inherent in documents, providing
a focused study. However, sentence-level generation can be viewed as the
basis of document-level generation, with an added need for document plan-
ning. The investigation of these more complex cases is reserved for future
work.

This study starts with a data augmentation approach for parallel <LF, text>
data, adhering to existing work [20, 110] that employs LFs as explicit supervi-
sory signals directing the generation process. It is observed that multi-row tables
frequently encompass an abundance of logical facts, owing to the flexible combi-
nation of diverse logical operations in various sequences to construct distinctive
logical facts. Each LF or textual description essentially constitutes a semantic
representation of such a logical fact. Hence, we propose a method to extract
additional logical facts as LFs or texts from tables, which can be converted into
parallel instances to facilitate the training process. Our strategy comprises two
stages: (1) augmenting unpaired LFs and texts, and (2) their transformation into
pseudo-parallel data via semi-supervised learning. Specifically, the first stage in-
corporates a topic-conditioned data augmentation (TopicDA) strategy where we
train two auxiliary data augmentation (DA) models, table-to-logic and table-to-
text, which independently generate an LF or a text for a specified table. We
utilize an available parallel corpus Logic2Text [20] (consisting of <table, LF,
text> instances) to establish the supervisory data essential for training these DA
models. Multiple logic topics are employed to control and prompt generation
within the DA models, culminating in logic-diversified augmented data.

Subsequently, during the second stage, the augmented LFs and texts are con-
verted into pseudo-parallel data to enhance training via a semi-supervised dual
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learning framework. Specifically, we introduce the dual task of Logic2Text,
namely, logical form generation (LG), aiming to generate an LF given a text
and a context table. Dual models are jointly trained for these dual tasks. A
Logic2Text model is trained to generate pseudo-text data for the augmented
LFs, thereby creating pseudo-parallel data of <LF, text> that can be employed
to boost the training of the LG model. Conversely, the LG model can benefit the
Logic2Text model by generating pseudo-parallel data for the augmented texts.
Concurrently, the models apply self-training to augment themselves. During the
first stage, we use the existing tables in the training data for data augmenta-
tion, thereby avoiding the use of external resources. Experimental results on
the Logic2Text dataset have demonstrated the superiority of the proposed ap-
proach compared to strong supervised baselines. Further improvements can be
anticipated when using external tabular data.

While proven effective, the first approach addresses logical NLG under the
assumption that such parallel data of LFs and texts are readily available. Ad-
ditionally, this explicit usage of LFs separates the two stages of logical NLG,
namely, logical reasoning and language realization, shifting the emphasis towards
the latter stage. In this scenario, the NLG model may lack the capability for
logical reasoning as the fact is explicitly provided in the LF input.

By contrast, the second proposed approach augments LFs for implicit task
transfer learning and circumvents the explicit alignment of LFs and texts. This
approach follows existing work addressing the logical NLG task as a direct table-
to-text task [17, 125]. Unlike the first approach, we aim to use LFs as implicit
mediators to help models acquire better logical reasoning knowledge. Specifi-
cally, we propose an auxiliary pretraining task, table-to-logical-form (table-to-
logic) generation, which aims to generate a correct LF from a provided table.
We introduce the PLOG framework, wherein a model is initially pretrained on
the table-to-logic task, then finetuned on downstream logical table-to-text tasks.
Table-to-logic is akin to table-to-text in that the input is solely a table, with
the only variation being the generation target, i.e., LFs vs texts. Compared to
texts, LFs are formal languages defined with unambiguous semantics and low
language diversity; hence, we anticipate the model to gain more reliable logical
reasoning by learning to generate LFs and transferring this knowledge to down-
stream tasks. In addition, we can acquire a large-scale LF corpus with automatic
data augmentation methods rather than human efforts, for which we propose
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an execution-guided sampling method to extract correct LFs from tables. We
adopt several different PLMs as the base models for continual pretraining on
the collected table-to-logic corpus. We consider the LogicNLG [17] dataset
the benchmark for evaluation; however, it lacks control features and results in
uncontrollable content selection, which may impede evaluation and undermine
faithfulness. We further construct a Controlled Logical Natural Language Gen-
eration (ContLog) dataset based on the existing Logic2Text dataset, which
employs highlighted table cells to control the generation. The experiments on
three PLMs, BART-large [62], T5-base and T5-large [98], and two benchmarks,
LogicNLG and ContLog, demonstrate the effectiveness of our approach in en-
hancing faithfulness. Both quantitative and qualitative experiments demonstrate
that the models can learn superior logical reasoning via transfer learning from
the augmented LFs.

While sharing the same idea of treating LFs as additional resources, the two
approaches differ in the focused task settings and model interfaces. The first ap-
proach addressed the interface with explicit LF control, which relies on the readily
available parallel corpus of LFs and texts; however, this may not be the case in
real-world scenarios. Moreover, this interface implies non-trivial specification of
a complete LF which may not be feasible for end users. The second approach,
on the other hand, utilizes LFs implicitly and follows the interfaces with only
tables or with highlighted cells as the control features. Unlike the first approach,
it enables joint learning of logical reasoning and surface realization, with a focus
on the former. We also conduct a comparative experiment on the performance of
the same model and dataset but with different interfaces, including using explicit
LFs, highlighted cells, and a no-control interface with only a table as the input.
Experimental results show that the explicit usage of LFs leads to the lowest diffi-
culty and best performance on faithfulness. The highlighted cells pose moderate
difficulty and the no-control interface is the most difficult due to the uncontrol-
lable content selection. This suggests that the second approach addresses a more
difficult task setting compared to the first approach.

The two methodologies also differ in their approaches to tackling data scarcity
with augmented data. The first is based on semi-supervised learning with complex
training strategies and has high time complexity for each round of training. The
second adopts transfer learning and keeps the finetuning on NLG data as usual
supervised training. The method is hence simple yet effective and sidesteps the
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Approach 1 Approach 2

Task settings / Model interfaces table+LF→text table→text
table+highlighted cells→text

Evaluation benchmarks Logic2Text LogicNLG, ContLog
Types of augmented data LFs & texts only LFs
Usage of augmented data Semi-supervised learning Task transfer learning
Requirement of <LF, text> parallel data Yes No

Table 1.1: The comparison between the two approaches.

extra training time during finetuning. Table 1.1 offers a comparison between the
two methods.

To summarize, this study proposes two approaches to enhance logical NLG by
augmenting LFs, demonstrating their effectiveness in distinct task settings.

1.5 Contributions
The contributions of this study are as follows.

1. This study introduces an innovative, automatic model-based data augmen-
tation method that leverages pretrained language models to augment paral-
lel logical form (LF) and text data from tables. This methodology effectively
addresses the data scarcity issue encountered when using explicit LFs as a
means of controlling logical NLG.

2. This study has developed an automatic rule-based LF augmentation method
for sampling LFs from tables, which facilitates the collection of large-scale,
high-quality LFs. The devised sampling algorithm and the resulting corpus
could potentially benefit a broader domain of table-related tasks.

3. It proposes the first table pretraining framework to improve logical NLG.
Using augmented LFs as pretraining data, the logical reasoning ability
of pretrained language models is improved in data-to-text generation, as
demonstrated by quantitative and qualitative experiments.

4. It is the first study that showed the effectiveness of pretraining on formal
language to improve natural language generation from structured data.
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5. This work provides a comprehensive comparative analysis on different task
settings of logical NLG, delivering valuable insights on the design of user
interfaces for real-world applications.

Through these contributions, this study paves the way for more robust and
reliable logical NLG models and promotes further studies of NLG systems in
practical applications that include inference in the generation.

1.6 Thesis Outline
In the rest of this thesis, Chapter 2 describes the related work for logical NLG.
This includes the prior works on data-to-text generation and the recent works on
logical NLG. The related work is described in two veins, datasets, and approaches.
The datasets part, in particular, provides the details of the two datasets used in
this study. In addition, Chapter 2 introduces the preliminary knowledge relevant
to this study, including the definition of logical forms, the evaluation metrics of
logical NLG, and the pretrained language models which serve as the base models
in this study.

Chapter 3 introduces the first approach to improve the faithfulness of logical
NLG. This approach is focused on the task setting of logical NLG that uses
LFs as explicit control, and aims to augment parallel <LF, text> data via semi-
supervised learning.

Chapter 4 introduces the second proposed approach, which augments only LFs
and utilizes them implicitly via task transfer learning. This chapter also discusses
the difficulties of different model interfaces using different control features, that
is, strong controls like LFs, softer controls like highlighted cells, and no control.

Chapter 5 concludes this thesis by summarizing the proposed methods. It also
discusses the limitations of this work and the future directions.
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Nation           Gold Medal        Silver Medal     Bronze Medal         Sports
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Ice Hockey

Baseball

Roller Skating

﻿Medal Table from Tournament

Logical NLG with logical forms

﻿Sentence: There are 2 nations getting 3 silver medals in the game.
Logical form: 
eq { count { filter_eq { all_rows ; Silver Medal ; 3 } } ; 2 } = True

eq

count 2

Silver 
Medalall_rows

filter_eq

3

Sentence: Canada obtained the most gold medals in the game.
Logical form: 
eq { hop { argmax { all_rows ; Gold Medal } ; Nation } ; Canada } = True

eq

hop Canada

argmax Nation

Gold 
Medalall_rows

Figure 1.2: Examples of logical forms aligned with target texts introduced in
[20]. The two logical forms belong to logic types count and superla-
tive. Each logical form can be represented as a tree-structured pro-
gram with function nodes like filter_eq and argument nodes like
all_rows. A string form of the LF can be obtained by pre-order
traversal of the program tree, with punctuations like ‘{’ and ‘;’ to in-
dicate the structure. We provide a complete definition of such logical
forms in Section 2.2.1.
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2 Related Work and Preliminary

In this chapter, we introduce the related work for logical natural language gen-
eration, including a comprehensive review of the general data-to-text generation
and the vein of NLG systems from traditional rule-based systems to the current
mainstream neural systems. The other related work about data augmentation,
semi-supervised learning, and table pretraining are given in the corresponding
chapters of the proposed approaches. This chapter also introduces the necessary
preliminary knowledge for understanding this research.

2.1 Related Work on Logical NLG

2.1.1 Datasets
Data-to-text tasks [58, 76] aim to generate a textual target text y from a source
input x, which usually involves structured data, such as tables. This practice of
automated transformation of data into user-friendly descriptions has numerous
business applications, with robo-journalism [61, 27] being one of the most publicly
known examples. It involves generating news articles automatically based on
the incoming data from news events. Real-world commercial frameworks that
leverage such systems include ArriaNLG1, Narrative Science2, and Automated
Insights3, etc. Depending on the type of input data, data-to-text systems can
generate various outputs, including:

1. sports reports such as summaries for soccer games [102, 118, 7];

2. weather forecasts [101, 10, 66];

1https://www.arria.com/
2https://narrativescience.com/
3https://automatedinsights.com/
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3. financial reports such as stock market summaries [4, 81];

4. clinical reports such as summaries of patient information [91, 92].

Many datasets have been introduced to support data-to-text research. These
datasets vary in terms of the output length. Some focus on generating longer
text, usually a document-level summary of the data, such as the ROTOWIRE
dataset [126], which generates a summary for NBA basketball game records, with
an average length of 337 words. On the other hand, most datasets concentrate on
generating sentences. For example, TOTTO [87] requires generating a sentence-
level description for certain salient regions in a table.

Early data-to-text datasets tackled MR-to-text generation within a limited do-
main. Datasets like BAGEL [75] and SF [123] align an MR with a single sentence
in the restaurant domain. WeatherGov [66] pairs weather statistics with short
weather forecasting texts. E2E [83] is a large-scale MR-to-text dataset with 50K
MR-sentence pairs within the domain of restaurants. Unlike earlier datasets,
E2E necessitates content selection from the provided attributes in the MR. Wik-
iBio [60] pairs Wikipedia infoboxes with a single-sentence biography text taken
from the corresponding Wikipedia article’s first sentence. The data in E2E and
WikiBio are attribute-value pairs and can be viewed as single-row tables. Some
datasets, like TOTTO, include larger tables. TOTTO is a controlled table-to-
text generation dataset with open-domain multi-row Wikipedia tables. However,
these datasets consist of mostly verbalized summaries of the data records, pro-
viding surface-level descriptions of the data. While ROTOWIRE involves logical
inference for sports statistics, this inference is infrequent and confined to the NBA
basketball domain (e.g., double-double, smash, triple-double).

Chen et al. [17] created a LogicNLG dataset as a benchmark for logical NLG
based on an existing table-based fact verification dataset TabFact [16]. Chen
et al. [20] have proposed another logical NLG dataset, Logic2Text, consist-
ing of triplets of <table, logical form, text>. Both datasets contain only logi-
cal descriptions without simple surface-level descriptions, making them focused
benchmarks for logical NLG. Therefore, we choose these benchmarks as the basis
for all the experiments in this dissertation. Unlike LogicNLG, Logic2Text is
annotated with an aligned logical form for each textual statement. In addition,
Logic2Text can be formulated as a table-aware logical form to text generation
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task since the logical forms strictly control the generation. Next, we provide more
details about the two datasets.

LogicNLG is a table-to-text dataset consisting of 37K descriptions paired with
7.3K open-domain tables from Wikipedia. The domains of tables include Sports,
Politics, Entertainment, Celebrity and Science. An example of LogicNLG is
shown in Figure 1.1.

Each table is paired with 5 different descriptions encompassing diverse types of
logical inference. Since LogicNLG is automatically built from TabFact, its an-
notation process mirrors that of TabFact. TabFact is collected by asking human
annotators to write statements about Wikipedia tables, each statement labeled
either entailed or refuted, denoting whether the table factually supports it
or not. The annotations are done through two separate channels: the simple
channel and the complex channel. The simple statements correspond to a single
row/record of tables and can be verified without complex logical inference. The
complex ones involve multiple rows of tables and require compound higher-order
logical semantics like summary, average, argmax, argmin, difference, etc. The
annotators are encouraged to produce statements with their own wisdom. Hence
further quality control is necessary. The collected data are filtered by human
works based on the following criteria: a statement is accepted only if (1) it does
not contain grammatical errors or typos, (2) it does not contain vague expres-
sions (many, few, etc.), and (3) it should be explicitly supported or refuted by
the table without additional knowledge. The negative (refuted) statements are
collected via manual rewriting of entailed statements. To focus on the complex
logical inference, LogicNLG is built by selecting only the complex and entailed
statements in TabFact.

Logic2Text is another logical NLG dataset collected through human an-
notation. Its tables are collected from WikiTables [88], the same resource as
LogicNLG. Similarly to the collection process of TabFact, the tables are fil-
tered to include only those of less than 20 rows and 10 columns. Therefore,
tables in Logic2Text and LogicNLG are, to some extent overlapped. Unlike
LogicNLG, Logic2Text includes aligned logical forms (LFs) for each textual
statement. The task setting of Logic2Text assumes the existence of these LFs,
such that the generation of the target text is conditioned on both the context ta-
ble and the LF. Therefore, it is a highly-controllable NLG dataset. Nonetheless,
it is sometimes used as an uncontrolled NLG dataset by discarding the LFs [125].
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An example of Logic2Text is shown in Figure 1.2.
The LFs and texts in Logic2Text are annotated based on seven strictly-

defined logic types, including count, superlative, comparative, aggregation, major-
ity, unique, and ordinal. These logic types pre-define the possible logical seman-
tics involved. For example, the logic type superlative is defined as “describing
the maximum or minimum value in a column, with the scope of all table rows
or a subset of rows.” The human workers are first asked to compose statements
of a certain logic type, describing interesting facts in the table. The collected
statements must pass a quality control stage similar to the settings of collecting
TabFact. An additional requirement is that the statements must be consistent
with the assigned logic types. After collecting the statements, the core step is
constructing the LF for each statement. This is realized via conversations with
human workers. For each logic type, an LF structure prototype is designed by the
authors. Then, human workers answer a series of template questions to derive
the complete LF based on the prototype. After obtaining the LFs, multiple ver-
ification steps are performed to guarantee factual correctness (i.e., whether the
table supports it) and semantic correctness (i.e., whether it is semantically equiv-
alent to the corresponding statement). The scale of Logic2Text is relatively
small, including 10K examples and 5.5K tables. The LFs used in Logic2Text
is a Python-like program that can be easily converted to other types of formal
language. It is an extension of the logical form schema used in [16] to repre-
sent the semantics of statements in TabFact. Therefore, it is now known that
Logic2Text and LogicNLG share a similar scope of logical reasoning types.
We will describe in Section 2.2.1 the definition and grammar of the LFs since
they form the basis of the methods proposed in this research.

2.1.2 Approaches
Data-to-text systems are usually designed to address the two challenges: what
to say, the selection and organization of the partial information in the data that
should be included in the under-constructed text, and how to say it, the surface
realization of the generation, involving how to represent the selected information
in natural language. Traditional approaches usually handle the two challenges
with sophisticatedly designed separate modules. Reiter and Dale [99] proposed
a pipeline architecture involving six stages: content determination, text struc-
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turing, sentence aggregation, lexicalization, referring expression generation, and
linguistic realization. In the case of document-level generation, the pipeline can
also be summarized into text planning (or document planning, or macro plan-
ning), sentence planning (or micro planning), and surface realization [100]. For
sentence-level generation, the pipeline can be roughly divided into content plan-
ning and surface realization [80].

The early conventional systems design rule-based hand-built modules to re-
alize the pipeline [58, 76, 99]. Some researchers have resorted to theories of
discourse reference [47, 104], generic planners [24], or schemas [30] to build the
content planner. These planners are manually constructed via rules. Mellish
et al. [78], Karamanis [53] adopt a generate-then-rank approach to select from a
set of generated content plans based on a ranking function. There are also many
rule-based systems designed for surface realization [8, 34]. Another branch is
data-driven approaches that adopt statistical methods to learn the system from
input and output data. In these studies, some researchers still resort to a pipeline
with individual components [56, 77, 6, 31], while another line of work addresses
the generation problem in an end-to-end manner [9, 66].

With the development of neural network models and deep learning, neural net-
work models trained on large-scale parallel data have shown superiority in gen-
erating fluent and diverse natural language. Most neural approaches follow the
sequence-to-sequence (Seq2Seq) approach with LSTM [46] or Transformer [119]
as the backbone models. A line of studies still follows the traditional pipeline
methods to modularize each step of NLG, i.e., content planning and surface re-
alization. Ma et al. [74] first adopt a classifier to select the content to describe,
then resorts to a neural model to perform the sentence planning and language
realization in one pass. Castro Ferreira et al. [13] propose to include the multiple
steps proposed in [99], including discourse ordering, lexicalization, and regular
expression generation. Su et al. [115] propose a plan-then-generate model which
consists of a content planner and a sequence generator. The content planner first
predicts the favorable content plan in the form of an ordered list of tokens; then,
the sequence generator predicts the final output conditioned on both the initial
input and the content plan.

Most neural approaches, however, are built as end-to-end models to tackle the
entire NLG procedure directly. They do not explicitly separate the stages but
rely on representation learning. Due to the structural gap between the input
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and output, such models are prone to generate unfaithful hallucinations. Various
strategies have been proposed to improve the faithfulness of such models, includ-
ing using soft templates [127, 133] or retrieved prototypes [65, 114] to control
the generation, adopting copy mechanism to reuse the verbatim in the structured
data [37, 93, 94, 21], and enhancing the structural awareness [70, 23] of models.
The majority of these approaches still rely on specific encoders to encode the
structured input. In recent years, with the rapid development of pretrained lan-
guage models (PLMs) [25, 26, 96, 98, 62], researchers have tried to adapt PLMs
to data-to-text tasks and achieved remarkable success in the generation quality.
To fit the structured input into PLMs, a common technique is to linearize the
structured data into sequences based on structure-aware templates such that the
data-to-text generation can be solved as a text-to-text problem [52, 43]. PLMs
prevail in the current studies because of the strong capability to understand
structured data and generate fluent natural language. They can achieve high
fidelity on some easier tasks that do not require much inference, like E2E and
TOTTO [52, 43]; however, they are still prone to unfaithful hallucinations on
logical NLG benchmarks.

Chen et al. [17] propose a BERT-TabGen and a GPT-TabGen model based on
BERT [26] and GPT-2 [96], respectively, to solve logical NLG by linearizing the
input table into a paragraph. While achieving good fluency, these models fail
to generate logically faithful sentences in most cases, leading to a fidelity score
of slightly over 20% reported by human annotation. Chen et al. [19] claim that
the pretrained models may not correctly learn the logical inference because the
surface-level spurious correlations are easier to capture than the causal relation-
ships between the table and the text. They propose a de-confounded variational
encoder-decoder (DCVAE) model to de-confound the negative effects of such
spurious correlations, which is realized by introducing selected entities as latent
mediators between the table and text. Despite improvements over the GPT-
TabGen baseline, DCVAE still achieves a low logical fidelity score on the logical
NLG datasets. Chen et al. [19] claim the performance might be improved by
enhancing the mediators, such as using logical forms, which are limited due to
the costly manual annotation.

Chen et al. [20] address logical NLG by using LFs. They show that neural
models can achieve much higher fidelity scores on the Logic2Text dataset with
manually annotated LFs as explicit controls, compared with directly modeling
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the table-to-text generation. Some later studies follow this vein on using LFs to
control the generation. Since LFs explicitly define the logical facts to be gener-
ated, the difficulty of learning logical relationships between the table and text is
reduced. Therefore, this line of work focuses more on the logical consistency be-
tween the LF and the text. Xie et al. [130] propose the UNIFIEDSKG framework
that unifies 21 structural knowledge grounding tasks into a text-to-text format,
including Logic2Text. They have shown the advantage of finetuning T5 [98]
on Logic2Text and the benefits of multi-task prefix-tuning that enables task
knowledge transfer from other related tasks. Shu et al. [111] propose an iterative
training framework SNOWBALL, which augments the training set recursively
with a generator model and includes an evaluator model to control the quality
of the augmented data. The data augmentation is based on a rule-based pertur-
bation of the correct LFs in Logic2Text, and a pretrained generator generates
corresponding silver target sentences for such LFs. Liu et al. [68] question that
models may learn spurious correlations between the table headers and logical op-
erators in LFs, which may damage the robustness of models. They propose that
training the models with an additional set of counterfactual samples can improve
the robustness of models on unseen data. Similarly to [111], the counterfactual
data is also constructed via automatic LF perturbation, which replaces a specific
table header in the LFs with another one. The target sentences are not generated
by neural models; instead, they are automatically constructed by replacing the
same table headers as perturbed in the LFs. Although these methods [111, 68]
adopt data augmentation to improve the performance of models, their methods
only perturb existing LFs without considering the factual correctness of the aug-
mented LFs, i.e., whether they are entailed by specific tables. The augmented
data do not convey factual information of real tables; hence these studies are less
relevant to the logical NLG task, but more focused on translating logical forms
into texts. The approaches proposed in this thesis also seek to augment LFs, but
they are based on a different view to augment data from real tables.

2.2 Preliminary
This section describes the necessary preliminary knowledge for this study. First,
we describe the formal definition and grammar of the logical form used in this
study, which also defines the scope of logical reasoning in logical NLG. Then, we
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𝑆𝑡𝑎𝑡	 ∷= and	𝑆𝑡𝑎𝑡	𝑆𝑡𝑎𝑡	|	only	𝑉𝑖𝑒𝑤	|	eq		𝑂𝑏𝑗		𝑂𝑏𝑗	 	not_eq		𝑂𝑏𝑗		𝑂𝑏𝑗	|	greater	𝑂𝑏𝑗	𝑂𝑏𝑗	 	less	𝑂𝑏𝑗		𝑂𝑏𝑗	
															 	round_eq		𝑂𝑏𝑗		𝑂𝑏𝑗	 	all_eq		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗	|	all_not_eq		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗	

	|	all_greater		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗	 	all_less		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗	 	all_greater_eq		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗
																			 	all_less_eq		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗	 	most_eq		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗	|	most_not_eq		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗

				 	most_greater		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗		 		most_less		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗
																				|	most_greater_eq		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗	|		most_less_eq		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗

𝑉𝑖𝑒𝑤	 ∷= 		𝑎𝑙𝑙_𝑟𝑜𝑤𝑠	 		Cilter_eq		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗	 		Cilter_not_eq		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗
	Cilter_greater		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗	 	Cilter_less		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗
		Cilter_greater_eq		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗	 	Cilter_less_eq		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑏𝑗|		Cilter_all		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙

	
𝑁𝑢𝑚		 ∷= 		count		𝑉𝑖𝑒𝑤		 		sum		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		 		avg		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		| 	max 	𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		|	min		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙
																						 		nth_max		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑟𝑑		 	nth_min 	𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑟𝑑

𝑂𝑏𝑗		 ∷= 		hop		𝑅𝑜𝑤		𝐶𝑜𝑙		 		diff		𝑂𝑏𝑗		𝑂𝑏𝑗		 		𝑁𝑢𝑚		|		𝑉𝑎𝑙

𝑅𝑜𝑤		 ∷= 		argmax		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙	|		argmin		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙
|		nth_argmax		𝑉𝑖𝑒𝑤		𝐶𝑜𝑙		𝑂𝑟𝑑		|		nth_argmin		𝑉𝑖𝑒𝑤	𝑂𝑟𝑑

𝐶𝑜𝑙			 ∷= 		𝑐𝑜𝑙𝑢𝑚𝑛
𝑂𝑟𝑑		 ∷= 		𝑜𝑟𝑑𝑒𝑟
𝑉𝑎𝑙			 ∷= 		𝑣𝑎𝑙𝑢𝑒

Figure 2.1: The logical form grammar.

introduce the evaluation metrics used for logical NLG. Finally, we describe the
basis of the pretrained language models used in this study, which serve as the
base models in the proprosed approaches.

2.2.1 The Logical Form Definition
The logical forms used in this study are formally defined meaning representa-
tions to represent a statement about a database-like table, originally defined by
[16]. An execution engine is also implemented, which supports the execution of
logical forms as programs. Chen et al. [20] have extended the function set of
[16], which we adopt in this study. As depicted in Figure 1.2, a logical form is
a tree structure whose nodes represent either a logical function/operation or an
argument/operand of an operation. The root of the tree is a Boolean operation,
as the logical forms represent descriptive statements. The output of the Boolean
operation, true or false, can indicate the factual correctness of the logical form.
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The Grammar

The logical form is a meaning representation language. We follow [2] to define the
context-free grammar in Figure 2.1 with slight modifications. The non-terminals
in Figure 2.1 are defined as follows.

• Stat indicates the Boolean results of statements, including results returned
by comparative operations such as equal (eq), greater than (greater),
less than (less), not equal (not_eq), most equal (most_eq) and all equal
(all_eq). It can also produce a joint operation (and).

• Col means a specific column header in the context table.

• Val indicates a specific value, either an entity in the table or an arbitrary
value used in comparative operations or filters (e.g., filter_eq).

• View represents a set of rows of the table. It is either the full table (denoted
by all_rows) or a partial table selected by filters.

• Num refers to numerical values returned by certain operations such as maxi-
mum (max), minimum (min), counting (count), summary (sum) and average
(avg).

• Row means a single row selected by superlative operations such as argmax
and argmin.

• Obj represents objects returned by the hop operation that locates a value
in a certain Col and a Row. An Obj is either a Num or a Val and can be
applied to the difference (diff) operation.

• Ord is a numerical order specified for ordinal operations such as nth_max,
nth_min, nth_argmax and nth_argmin, which refer to the logic of selecting
the n-th maximum or minimum values from a View and a column.

The terminals include the following categories.

• Operation names, including and, sum, avg, count, filter_eq, etc. These
names correspond to executable logical operations that can be verified in
the execution engine. Each operation accepts several operands that follow
the operation name, abstracted by View, Obj, and Stat.
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Name Arguments Output Description
count View Num returns the number of rows in the View
only View Stat returns whether there is only one row in the View
hop Row, Col Obj returns the value under the header column of the Row
and Stat, Stat Stat returns the Boolean operation result of two arguments
max/min/avg/sum View, Col Num returns the max/min/average/sum of the values under the header column
nth_max/nth_min View, Col Num returns the n-th max/n-th min of the values under the header column
argmax/argmin View, Col Row returns the Row with the max/min value in header column
nth_argmax/nth_argmin View, Col Row returns the Row with the n-th max/min value in header column
eq/not_eq Obj, Obj Stat returns if the two arguments are equal
round_eq Obj, Obj Stat returns if the two arguments are roughly equal under certain tolerance
greater/less Obj, Obj Stat returns if argument 1 is greater/less than argument 2
diff Obj, Obj Obj returns the difference between two arguments
filter_eq/not_eq View, Col, Obj View returns the subView whose values under the header column is equal/not equal to argument 3
filter_greater/less View, Col, Obj View returns the subView whose values under the header column is greater/less than argument 3
filter_greater_eq /less_eq View, Col, Obj View returns the subView whose values under the header column is greater/less or equal than argument 3
filter_all View, Col View returns the View itself for the case of describing the whole table
all_eq/not_eq View, Col, Obj Stat returns whether all the values under the header column are equal/not equal to argument 3
all_greater/less View, Col, Obj Stat returns whether all the values under the header column are greater/less than argument 3
all_greater_eq/less_eq View, Col, Obj Stat returns whether all the values under the header column are greater/less or equal to argument 3
most_eq/not_eq View, Col, Obj Stat returns whether most of the values under the header column are equal/not equal to argument 3
most_greater/less View, Col, Obj Stat returns whether most of the values under the header column are greater/less than argument 3
most_greater_eq/less_eq View, Col, Obj Stat returns whether most of the values under the header column are greater/less or equal to argument 3

Table 2.1: Definitions of the logical operations, borrowed from [20].

• Column names, denoted by column in Figure 2.1. This represents specific
column headers in tables.

• Values, denoted by value in Figure 2.1. This represents specific entities in
tables or arbitrary values, which could be any words based on the context.

• Order numbers, denoted by order in Figure 2.1. This represents specific
order numbers used for ordinal operations.

• A special terminal all_rows is defined to denote the full table.

The non-terminals, as can be observed, are mostly argument or output types of
logical operations, which do not explicitly appear in a produced logical form via
grammar. The terminals, such as logical operations and columns, form the final
logical form tree, as shown in Figure 1.2. Therefore, the logical forms explicitly
include all the involved operations in a compound logical fact. It is noteworthy
that a logical form generated by the grammar in Figure 2.1 does not have sep-
arators between the operation names and arguments. However, we follow the
previous practice in [20] to add punctuation characters ‘{’, ‘}’ and ‘;’ to separate
the operations and arguments in the string-form of LFs, as shown in Figure 1.2.
This is to represent the inherent structure in the logical form tree.
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The Scope of Logic

The definition of logical forms covers a variety of logic types, including count, com-
parative, superlative, aggregation, unique, ordinal, and majority, as categorized
in [20]. Each logic type corresponds to a specific category of logical operations,
while some operations are shared by all the logic types, such as filter operations
and the hop operation. Table 2.1 provides the full list of all the logical operations
used in this study as well as their detailed explanations.

2.2.2 Evaluation Metrics for Logical NLG
The evaluation of logical NLG is different from traditional data-to-text tasks,
since faithfulness is particularly important and hard-to-measure in logical NLG.
Specifically, we adopt the following automatic evaluation metrics, which can be
divided into surface-level metrics and logical fidelity metrics.

Surface-level Metrics

Here, surface-level metrics refer to the commonly used n-gram matching metrics,
such as BLEU [86] and ROUGE [67]. These metrics evaluate the comparison
between the surface forms of the generated output and the gold reference text.
As the comparison is purely based on local word-level overlaps, such metrics
cannot accurately represent the faithfulness of the generated outputs.

BLEU (Bilingual Evaluation Understudy) compares the candidate output and
the reference text by measuring the precision of n-grams, i.e., how often the
sequence of words (n-grams) in the candidate output also appears in the refer-
ence. It also includes a brevity penalty (BP) to penalize shorter outputs. BLEU
measures a modified precision score from unigram to 4-grams and computes a
weighted average of these scores for the final score. Formally, the modified preci-
sion is computed by

pn =
∑

n-gram∈y Countclip(n-gram)∑
n-gram∈y Count(n-gram) , (2.1)

where Countclip(n-gram) is the maximum number of times an n-gram of the can-
didate output y occurs in any reference sentence, and Count(n-gram) is the total
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number of n-grams in the candidate output. The final BLEU score is computed
as follows.

BLEU = BP · exp( 1
N

N∑
n=1

log pn), (2.2)

(2.3)

where BP is the brevity penalty. Usually, N = 4, which means considering up to
4-grams.

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) is a recall-oriented
metric. We adopt two variants of ROUGE, ROUGE-N and ROUGE-L. ROUGE-
N is similar to BLEU by computing the n-gram matching score, but focuses more
on the recall.

ROUGE-N =
∑

S∈References
∑

n-gram∈S Countmatch(n-gram)∑
S∈References

∑
n-gram∈S Count(n-gram) , (2.4)

where Countmatch(n-gram) is the maximum number of an n-gram co-occurring
in a candidate output and a set of references, and Count(n-gram) is the total
number of times an n-gram appears in the references. In this study, we adopt
N = 1, 2, and 4 following [20].

ROUGE-L is a variant of ROUGE based on longest common subsequences
(LCS) between the candidate and references. Given a candidate X and a reference
Y , ROUGE-L is computed as follows.

ROUGE-L = (1 + β2)RlcsPlcs

Rlcs + β2Plcs

, (2.5)

Rlcs = LCS(X, Y )
m

, (2.6)

Plcs = LCS(X, Y )
n

. (2.7)

where m is the length of the reference Y , n is the length of the candidate X, and
LCS(X, Y ) is the length of the longest common subsequence between X and Y .

Logical Fidelity Metrics

We follow the previous works on logical NLG to define the logical fidelity metrics.
Chen et al. [17] proposed two metrics, SP-Acc and NLI-Acc, to measure whether
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(a) SP-Acc.

(b) NLI-Acc, TaPEx-Acc and TaPas-Acc.

Figure 2.2: The evaluation method used for SP-Acc (2.2a) and NLI-Acc/TaPEx-
Acc/TaPas-Acc (2.2b). For the latter three metrics, the method is
the same but with different NLI models.

a generated text is faithful to the given table. We further introduce TaPEx-
Acc and TaPas-Acc to complement these metrics. Another line of work [110,
130, 68] on the Logic2Text dataset treats LFs as explicit supervision signals
and directly measures the logical consistency between the generated text and the
input LF. Shu et al. [110] proposes the Blec metric to evaluate such consistency
automatically. While this metric only considers the semantical faithfulness of the
generated text to the given LF, it can, to some extent, reflect the faithfulness to
the table since the LFs are annotated as exactly supported by the table. Next,
we introduce these metrics in detail.

SP-Acc is a parsing-based method aiming to transform the generated sentence
into a meaning representation, i.e., a logical form, and execute it against the
table to verify its correctness. The conversion to logical forms is based on a
weakly-supervised semantic parsing method, which first links the entities and
predicates in the sentence with the table and then performs a breadth-first search
to construct potential logical forms. The logical forms adopted in this method are
similar to those defined in Section 2.2.1 and can be executed to return a boolean
value, true or false, indicating its exact correctness. An illustration of SP-Acc

28



is provided in Figure 2.2a. However, we empirically find the parsing method
often generates irrelevant logical forms to the sentence, rendering the evaluation
inaccurate. Therefore, we adopt this metric only for comparison with the previous
work.

NLI-Acc is based on the idea of measuring the entailment score between the
table and the sentence (Figure 2.2b). A TableBERT [16] model serves as the eval-
uator, which linearizes the table into a sequence and performs natural language
inference between the table sequence and the sentence. It is pretrained on the
TabFact dataset, and for inference, it can predict a likelihood score PNLI(Y |T )
to indicate the probability that table T entails sentence Y . The final score is
computed as the ratio of model outputs that obtain PNLI(Y |T ) > 0.5.

TaPEx-Acc and TaPas-Acc However, the TableBERT model used for NLI-
Acc only achieved 65.1% accuracy on the test set of TabFact dataset, and we
find it overly positive about the predictions. Therefore, we add two similar scores
to NLI-Acc by adopting two stronger table-NLI models: TaPEx-large [69] and
TaPas-large [33], which achieved 84.2% and 81.0% test accuracy on TabFact.
We name the two metrics as TaPEx-Acc and TaPas-Acc, respectively.

Blec is a rule-based method based on a string match between the LF and the
generated sentence. Given an LF L = (l1, l2, . . . , ln) consisting of n tokens, the
algorithm first detects whether each token li is a key token, i.e., an operation
name or a number. If yes, the algorithm will search for the token in the sentence.
If all the key tokens in the LF can be found exactly in the sentence, this generation
is counted as correct. The overall score is computed as

Blec =
∑

s∈D match(s)
|D|

, (2.8)

where s is an example of the dataset D, match(s) is an indicator function that
returns 1 or 0 to represent whether the generation matches the logical form of s

or not, |D| is the total size of the dataset.
All these automatic metrics can not represent the exact generation quality;

hence human evaluation is also necessary. We introduce the details of human
evaluation in the experiment parts of the corresponding chapters of proposed
methods.
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Figure 2.3: The Transformer architecture. On the left side is the encoder, and
on the right is the decoder. They are connected via a source-target
attention mechanism, illustrated by the Multi-Head Attention block
in the decoder.

2.2.3 Pretrained Language Models
Next, we introduce the basic knowledge about the pretrained language models
we use in this study. To begin with, we first describe the Transformer [119]
architecture, which is the base model of the PLMs.

Transformer

The Transformer architecture is well-known for its general effectiveness in NLP
and is adopted as the base model by most PLMs. Transformer adopts multi-head
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self-attention mechanism to handle sequential data. It enhances the efficiency
of parallel computing and learns better long-term dependency between tokens in
a sequence than LSTM. The original Transformer network adopts an encoder-
decoder framework. Given an input sequence X = (x1, x2, · · · , xm) and a target
sequence Y = (y1, y2, · · · , yn), the learning objective is the probability P (Y |X)
to transform X into Y . The encoder transforms X into an intermediate feature
representation Z. Then the decoder generates the target Y based on Z. The
encoder can be seen as a feature extractor to obtain the context-aware repre-
sentation of the input based on the self-attention mechanism. The decoder is
a sequence generator that produces tokens step-by-step autoregressively. The
connection between the encoder and the decoder lies in a source-target attention
mechanism.

As shown in Figure 2.3, the encoder comprises N stacked identical encoder
layers. Each layer consists of a multi-head self-attention sub-layer and a position-
wise feed-forward network (FFN) sub-layer. After each sub-layer, a residual con-
nection is employed, followed by a layer normalization (illustrated by Add&Norm
blocks). The decoder also comprises stacked decoder layers, while the architec-
ture is different from the encoder. A masked multi-head self-attention sub-layer
is first applied to the target sequence embeddings, which adopts masked atten-
tion to make each token only visible to its subsequent tokens since the gener-
ation of a token should not rely on its future generation in the autoregressive
generation. Then, a multi-head source-target attention is applied to model the
attention relationship between the encoder’s output and the decoder’s input af-
ter the masked multi-head attention. Finally, the vector representation obtained
by source-target attention passes a positional feed-forward layer. Similar to the
encoder, each sub-layer in the decoder is also followed by a residual connection
and a layer normalization. The final representation obtained by the decoder is
fed to a linear classifier to predict the output probability of generating the target
tokens. Next, we introduce the details of each layer.

Attention Mechanism The attention mechanism exploits the relationship be-
tween the elements in the input (in this case, the tokens in a sequence) to compute
better representations. Transformers adopt a Query-Key-Value (QKV) attention
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Figure 2.4: The Multi-head attention mechanism.

computed via the following formula (illustrated in the left side of Figure 2.4).

att(Q, K, V ) = softmax(QKT

√
dk

)V, (2.9)

where Q ∈ RNQ×dk , K ∈ RNK×dk , V ∈ RNV ×dk are vector representations of
certain sequences, NQ, NK , NV (NK = NV ) are the numbers of tokens in the
sequences they represent and dk is the feature dimension of the vectors. The inner
product QKT computes the pair-wise correspondence between tokens of Q and
K. The softmax operation transforms the correspondence scores into normalized
attention weights. The multiplication of the attention weights and V leads to a
weighted sum of the token representations in the sequence V represents. Q, K

and V are set differently in self-attention and source-target attention.
In self-attention layers, Q, K and V are obtained from the same sequence

to compute the attention weights between tokens in the same sequence. In the
source-target attention in the decoder, Q is the representation obtained from
the decoder’s self-attention layer. In contrast, K and V are obtained from the
output of the encoder. This is to model the dependency between the input and
target sequences. To enhance the expressiveness of attention layers, Transformer
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uses multi-head attention (illustrated in the right side of Figure 2.4) to linearly
project Q, K, and V for h times into different same-dimension partial represen-
tations. The self-attention or source-target attention is employed for each partial
representation, denoted as a “head” in the following formula.

MultiHead(Q, K, V ) = Concat(head1, . . . , headh)W O (2.10)
headi = att(QW Q

i , KW K
i , V W V

i ). (2.11)

The projection matrices W Q
i ∈ Rdmodel×dk , W K

i ∈ Rdmodel×dk , W V
i ∈ Rdmodel×dk

project the full hidden dimension dmodel to the partial dimension dk = dmodel/h,
and WO ∈ Rhdk×dmodel projects the multi-head representations back to the original
dimension.

Position-wise Feed-forward Network Each layer in the encoder and decoder
contains a fully-connected feed-forward network (FFN) for linear transformation
of the representations.

FFN(x) = max(0, xW1 + b1)W2 + b2 (2.12)

Embeddings The initial embeddings of the input and target sequences com-
prise a token embedding and a positional embedding. The token embedding is
obtained by learned embeddings with dimension dmodel. The positional embed-
ding aims to include the order information of tokens in the sequence. In [119], a
sinusoidal encoding method is used to compute the positional embeddings:

PE(pos,2i) = sin(pos/100002i/dmodel) (2.13)
PE(pos,2i+1) = cos(pos/100002i/dmodel) (2.14)

Here, pos indicates the absolute position of each token; i refers to the i-th element
in the embedding vectors. These embeddings are fixed upon deciding the sequence
order, while the later PLMs usually adopt a learned embedding that can be
changed during the training.

GPT-2

PLMs modify the architecture of the original Transformer and adopt different
components of the original encoder-decoder framework. Thus, PLMs can be
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roughly classified into encoder-only, decoder-only, and encoder-decoder models.
The most representative encoder-only model is BERT [26], followed by its vari-
ants. Such models mainly focus on extracting the representations of sequences
with an encoder and use the representations for natural language understanding
tasks. To apply them to generation tasks, a separate decoder model is necessary.
Therefore, decoder-only models such as GPT-2 and encoder-decoder models such
as BART and T5 better fit NLG tasks. GPT-2 serves as the base model used in
Chapter 3, while BART and T5 are base models used in Chapter 4.

Generative Pre-trained Transformer 2 (GPT-2) is a direct scale-up of OpenAI’s
GPT model (“GPT-1”) with the same architecture but slight changes in the
normalization.

GPT-2 was pretrained on WebText, a large corpus of around 40GB of text
collected from Reddit. The unsupervised pretraining on raw unlabeled corpora
is realized by a language modeling task, i.e., predicting the next token given
the previous context. Given an unlabeled text corpus U = {u1, u2, . . . , uN}, the
optimization objective is

L(U) =
N∑

i=1
log(P (ui|ui−k, . . . , ui−1, Θ)) (2.15)

where Θ is the model parameters, k is the sliding window size that represents
the number of visible previous tokens for each prediction. Similar to the decoder
part of Transformer, GPT-2 adopts masked attention to realize left-to-right gen-
eration, where the attention weight computed for each token only depends on the
previous tokens.

The finetuning of GPT-2 on specific downstream tasks can be easily adapted
from the pretraining objective. Given a supervised corpus (X = (x1, x2, . . . , xM),
Y = (y1, y2, . . . , yN) of an NLG task, the finetuning objective is as follows.

L(X, Y ) =
N∑

i=1
log(P (yi|X, y1, . . . , yi−1, Θ)) (2.16)

As GPT-2 is decoder-only, both the input and output sequences are concate-
nated together to feed into the decoder, but we do not include the output prob-
abilities on the input sequence in the training objective.
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BART

Bidirectional and Auto-Regressive Transformers (BART) is an encoder-decoder
PLM. Unlike GPT-2, BART has the same architecture as the original Trans-
former, such that the encoder can learn bidirectional contextual representations
and the decoder generates auto-regressively. BART is a denoising auto-encoder,
pretrained to denoise corrupted text. The pretraining corpus is constructed by
corrupting a text with arbitrary noising functions, and the original text serves
as the ground-truth of the denosing task. Thus, the model learns to reconstruct
the original text from the corrupted text. Specifically, Lewis et al. [62] tested the
following noising transformations and adopt a composition of Text Infilling and
Sentence Permutation for pretraining the final models.

1. Token Masking: randomly replacing a token with a special placeholder
[MASK]. The same method was used in BERT [26].

2. Token Deletion: randomly deleting a token.

3. Text Infilling: randomly replacing a span of consecutive tokens with a
[MASK].

4. Sentence Permutation: randomly shuffling the sentences in a document.

5. Document Rotation: randomly rotating a document to let it start from a
uniformly sampled position.

The finetuning of BART on sequence generation tasks is straightforward because
of the encoder-decoder architecture.

T5

Text-to-Text Transfer Transformer (T5) [98] is also an encoder-decoder model.
Similarly to BART, T5 is pretrained on a denoising autoencoding task to recover
corrupted text. T5 adopts span-level masking as in BART, but the generation
target is not the entire original text but just the masked tokens. The pretrainig
data is Colossal Clean Crawled Corpus (C4), a large corpus of 750GB, crawled
and cleaned from Common Crawl. BART and T5 are similar PLMs and both
can be directly adapted to NLG tasks.
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All these PLMs have multiple pretrained checkpoints of different model sizes,
allowing the public to adapt the models to different downstream tasks. The
following is the information about the pretrained checkpoints adopted in this
study.

• GPT-2-small: 117M parameters with 12-layer, 768 feed-forward hidden-
state, 12-heads.

• T5-base: 220M parameters with 12-layer, 768-hidden-state, 3072 feed-
forward hidden-state, 12-heads.

• T5-large: 770M parameters with 24-layer, 1024-hidden-state, 4096 feed-
forward hidden-state, 16-heads.

• BART-large: 406M parameters with 24-layer, 1024-hidden-state, 16-heads.
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3 Data Augmentation for Logical
NLG with Explicit Logical
Form Control

This chapter describes the first approach to augment logical forms (LFs) for logical
NLG. As described in Chapter 1, the original form of logical NLG [17], directly
generating a logical description from a table, is difficult because of implicit logical
reasoning and the lack of training data. To address the difficulty in learning
logical reasoning, Chen et al. [20] first proposed to use LFs as explicit mediators
to guide the generation. They collected the Logic2Text dataset, which contains
multiple parallel <LF, Text> examples within each table; hence the NLG task can
be formulated as an LF-to-text task, with the table as the context. Such aligned
LFs allow training logical NLG systems that can achieve more controllable and
faithful generations than directly generating a random text from a table, which
resulted in a significant boost in terms of the human-evaluated fidelity score from
20.2% to 80.4% [20].

Nevertheless, the labor-intensive human work of pairing LFs and textual de-
scriptions limited the scale of the Logic2Text dataset (ca. 10.8k instances),
which is much smaller than those of the common benchmarks on the surface-level
NLG [83, 60] and the other logical NLG dataset LogicNLG. Pretrained models
such as GPT-2 [97] could work on this small amount of supervision data, using
the rich contextual knowledge learned from large-scale corpora; however, there
is a lot of room for improvement in terms of the generation quality [20]. There-
fore, previous work [110] has explored augmenting additional LFs and generating
paired texts via iterative self-training to improve the performance. However, their
approach is based on perturbing the original LFs in Logic2Text based on static
noise, which leads to mostly unfaithful LFs. The paired texts are generated from
these augmented LFs, thus their faithfulness cannot be guaranteed either. While
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the augmented LFs and texts boost the performance, this approach is dedicated
to improving the conversion from LFs to texts, not considering their consistency
to the context table.

In contrast, we first propose to augment reliable parallel <LF, text> pairs from
tables. We observe that each table in the Logic2Text dataset is only associated
with at most three examples. However, a table can contain abundant logical-level
facts derived from the composition of various logical operations, and each fact can
be abstracted into a logical form and associated text translations. The space of
such compound facts is quite large. Suppose a table with m rows and n columns
is given; the theoretical search space of logical facts will be up to O(n∗2m+m∗2n)
for an aggregation operation (e.g., avg, count), and O(n ∗ m2 + m ∗ n2) for a
2-operand operation (e.g., diff, greater).1

Inspired by this, we propose to augment new examples from existing tables
to take advantage of the rich information in multi-row tables. The proposed
approach consists of two stages:

1. Topic-conditioned data augmentation (TopicDA) In this stage, we aim to
obtain logical facts represented in either LFs or texts from tables. Specifi-
cally, we train two auxiliary topic-conditioned table-to-logic and table-to-text
models on the re-organized supervision data of Logic2Text. Provided
pre-defined logic types as topics, the two data augmentation (DA) models
can generate LFs and texts with diverse logic types from tables in the orig-
inal training data. The augmented examples are expected to be consistent
with the given tables and logic types. As a result, we can mine more logical
facts from existing tables for data augmentation without resorting to any
additional resources. The augmented examples, however, are unpaired LFs
and texts, which we use in the next stage to obtain parallel examples.

2. Iterative joint training To obtain parallel examples from the augmented
LFs and texts, this stage aims to generate their corresponding paired coun-
terparts. To this end, we introduce logical form generation (LG), a dual
task of Logic2Text that requires generating a valid logical form based on
a text description and a corresponding table. Inspired by previous works
on the joint learning of dual NLP tasks [15, 14, 95, 42, 103], we propose

1This is a rough computation and does not consider the composition of different operations.
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the simultaneous solution of the Logic2Text task and LG task by gen-
erating pseudo-parallel data from the augmented data through iterative
joint training, a semi-supervised training strategy. With iterative back-
translation and pseudo-labeling, the augmented LFs and texts (obtained in
stage 1) can be further used to construct paired data. The dual models
are iteratively refined while benefiting from each other. We also propose a
round-trip data weighting strategy to balance the effects of different pseudo-
parallel examples during semi-supervised training.

We evaluate the proposed methods on the Logic2Text dataset and its dual
task LG. Experimental results on both automatic and human evaluation demon-
strate the effectiveness of the proposed framework in leveraging augmented data.
In particular, our framework advances the state-of-the-art on Logic2Text with
an average improvement of over 2 points on multiple evaluation metrics, includ-
ing both surface-level metrics like BLEU and faithfulness scores like Blec. Fur-
thermore, analytical experiments on data augmentation demonstrate that the
proposed TopicDA method can generate topic-diversified data with reasonable
quality. We finally illustrate a few qualitative examples to show the performance
of the TopicDA models and the proposed models.

3.1 Related Work
Our approach is highly related to the research on semi-supervised NLG. Iterative
back-translation (IBT) is an extension of back-translation, in which forward and
backward models are trained together to generate pseudo parallel instances for
each other. Such a dual-reconstruction technique is popular in many text gen-
eration tasks such as machine translation [45], text style transfer [137, 73] and
data-to-text generation [15, 14, 95, 42, 103]. Our approach is the first trial to
apply dual learning on logical NLG. In prior work on IBT, the source-to-target
model is only trained on pseudo-labeled data generated by the target-to-source
model (together with labeled data), and vice versa. In this work, pseudo-labeled
data generated by the two teacher models are combined and used for training
both student models. This is related to the research on pseudo-labeling or self-
training [44] for natural language generation. Our method combines both IBT
and pseudo-labeling to fully utilize the unpaired augmented data.
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Different from previous works [95, 113, 42] that directly exploited off-the-shelf
unpaired data, Chang et al. [15] posed the problem that it is unrealistic to have
so many unpaired texts for data-to-text tasks, and adopt language models (LM)
like GPT-2 [97] to augment additional texts. The requirement of parallel LFs
and texts in this research further toughens the problem because we must aug-
ment both supported by the tables, suggesting the difficulty of applying dual
model learning. In this work, we realize the data augmentation from existing
tables without the availability of additional resources. Previous work [110] on
Logic2Text also performs data augmentation by perturbing the existing logi-
cal forms with rule-based noise and employs self-training. In contrast, our work
generates both LFs and texts directly from tables with controllable topics and
employs dual reconstruction to benefit the Logic2Text model with the dual
model, showing superior results in logic-consistency between logical forms and
texts.

3.2 Task Formulation
This section defines the task setting of logical NLG adopted in this chapter, i.e.,
Logic2Text.

In Logic2Text, an input consists of a table d and a logical form l that can
be executed on d, and an output is a sentence description t = [w1, w2, . . . , wn].
Each d is a database-like table consisting of TR rows and TC columns, a table
title/caption and a series of column headers {hi}TC

i=1. We aim to train a model
Pθ(t|l, d) to generate t∗ that can be supported by both the table d and logical
form l.

In this approach, we propose the dual task of Logic2Text, named Logical
Form Generation (LG), for which we train a model Pϕ(l|t, d) to estimate l∗

from the input description t, also supported by the table d. LG is a “condition-
ally reverse” task of Logic2Text, as the table acts as a common condition of
generation in both tasks.

Each d can have multiple associated ⟨l, t⟩ pairs and each pair has a pre-defined
logic type c ∈ C indicating its main logical operation, where C = {count, compar-
ative, superlative, unique, ordinal, aggregation, majority}, as described in Sec-
tion 2.2.1. These logic types have different preferences on the patterns of LFs
and texts. As shown in Figure 1.2, count-type LFs tend to contain eq and count
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Figure 3.1: An overview of the proposed framework. We first train two topic-
conditioned data augmentation models, table-to-logic and table-to-
text, with the supervision data and pre-assigned topics. These models
generate additional logical forms and texts from tables with different
topics. The augmented unpaired data are utilized in iterative joint
training, where the Logic2Text model and LG model are jointly
improved via a teacher-student semi-supervised training procedure.

functions; superlative-type texts usually have superlative words like most, least,
highest, etc. Both tasks share the same supervision data from the Logic2Text
dataset, S = {(ci, di, li, ti)}k

i=1, where k is the number of instances.

3.3 Proposed Approach
Our framework is composed of two stages: (1) topic-conditioned data augmenta-
tion (TopicDA) for augmenting logical forms and texts. (2) iterative joint training
of Logic2Text and LG, to utilize the augmented data and improve both models
in an iterative procedure. Figure 3.1 depicts an overview of the framework.

3.3.1 Base Model
Following [20], we use a pretrained language model GPT-2 as the supervised base
model and adopt data serialization strategies to linearize structured tables into
sequences. Specifically, the sequence of each table starts with the concatenation of
its caption and table headers. Then it includes table cells in a row-wise order from
the top-left corner to the bottom-right corner. Each table cell is serialized into
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Tij = “⟨cell⟩ dij ⟨row_idx⟩ i ⟨/row_idx⟩ ⟨col_header⟩ hj ⟨/col_header⟩ ⟨/cell⟩”,
where dij denotes the content of the cell at row i and column j of table d, hj is
the header of column j. The special tokens in brackets are defined to indicate
the table structure.

As an example, the table in Figure 1.2 is linearized as a sequence
T = “⟨table⟩ ⟨caption⟩ Medal Table from Tournament ⟨/caption⟩ ⟨col_header⟩

Nation ⟨/col_header⟩ · · · ⟨cell⟩ Canada ⟨row_idx⟩ 1 ⟨/row_idx⟩ ⟨col_header⟩
Nation ⟨/col_header⟩ ⟨/cell⟩ ⟨cell⟩ 3 ⟨row_idx⟩ 1 ⟨/row_idx⟩ ⟨col_header⟩ Gold
Medal ⟨/col_header⟩ ⟨/cell⟩ · · · ⟨/cell⟩ ⟨/table⟩”.

As shown in Figure 1.2, the LFs can be linearized as a pre-order traversal of
the logic form tree, with special tokens such as curly braces and semi-colons to
separate functions and arguments. Thus, each instance has a serialized table
T and LF l. We additionally consider the logic type (topic) c as explicit prior
knowledge to guide the generation. We hence prepend a topic sequence “⟨topic⟩
[logic type] ⟨/topic⟩” to the table sequence T .

The objective of a Logic2Text model is to generate a sequence
t∗ = [u1, u2, . . . , uN ]:

t∗ = arg max
N∏

i=1
P (ui|u<i, [c; T ; l]; θ), (3.1)

where [; ] denotes the concatenation of multiple sequences. Similarly, for the LG
task, the goal is to generate a serialized LF l∗ = [v1, v2, . . . , vM ]:

l∗ = arg max
M∏

j=1
P (vj|v<j, [c; T ; t]; ϕ). (3.2)

3.3.2 Topic-Conditioned Data Augmentation
Researchers have used pretrained language models such as GPT-2 to augment text
samples for text classification [85, 59] and generation tasks [15] by finetuning it
on in-domain texts. The prior knowledge integrated in such pretrained models
leads to a considerable quality of the generated text. Different from previous
work [14] that bootstraps new text instances from the original texts, we seek to
generate LFs and texts from tables.

To this end, we propose TopicDA, to construct two conditional table-to-logic
(Pd2l(l|d, c)) and table-to-text (Pd2t(t|d, c)) models, which require the generation
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of an LF l or text t directly from a table d following a certain logic type c. A
logic type serves as a topic to control the generation pattern. Our insights are
two-folds: (1) tables contain rich logical information that can be described by
additional LFs or texts; (2) topics can ensure the diversity of augmented data.

TopicDA contains a training pass to pretrain DA models and an inference pass
for them to generate new data. The training objectives are

Ld2l = E(c,d,l)∼S [− log Pd2l(l|d, c)], (3.3)
Ld2t = E(c,d,t)∼S [− log Pd2t(t|d, c)]. (3.4)

TopicDA theoretically applies to any pretrained language models that can gen-
erate sequences. Here, we implement the backbone model based on GPT-2, a
widely-used decoder-only pretrained model. After training, the models can be
utilized for data augmentation through inference. Specifically, we perform infer-
ence with the trained table-to-logic and table-to-text models to generate extra LFs
and texts based on a table du, where du can be tables in the original training data
or from other resources. In this study, we only adopt the tables in the training
data of Logic2Text. However, further improvements can be expected if we
use additional tables. We assign each of the seven logic types to du to generate
outputs with diverse logical patterns.

A generated text or LF is filtered out if: (1) its length exceeds 200 tokens in
Byte-Pair Encoding (BPE) [105]; (2) it is identical to an existing instance in the
training data. In this study, we only consider the seven pre-defined logic types
as topics. However, our method can be easily adapted to other domains and
topics if it is provided with topic-dependent supervision data. For instance, it is
possible to use more fine-grained logic patterns such as specific logical functions
and words.

3.3.3 Iterative Joint Training
After data augmentation, we obtain Ul = {(cu, du, lu)} and Ut = {(cu, du, tu)},
where lu and tu are unpaired logical forms and text descriptions, du is a context
table, and cu indicates the assigned logic type. They are not directly usable
as supervision data for Logic2Text and LG because lu and tu are generated
independently and unaligned. Therefore, we propose a semi-supervised learning
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approach to jointly improve Logic2Text and LG models with the augmented
data.

Let Pθ(t|l, d) denote a Logic2Text (L2T) model and Pϕ(l|t, d) an LG model.
Logic type c is also prepended to d as an extra control variable. Both models
are first pretrained on supervision data S for several epochs. We then employ
semi-supervised training based on the duality between the two tasks.

Iterative Back-translation

Specifically, we consider iterative back-translation (IBT), a popular method in
machine translation [32] for augmenting pseudo-parallel data. Its core idea is
to translate a target-side monolingual sentence y into a source-language pseudo-
sentence x̂, with a target-to-source translation model Myx, which forms a pseudo-
parallel sentence pair (x̂, y) that can be used to train the source-to-target model
Mxy, while Mxy produces pseudo-parallel data (x, ŷ) to train Myx. In our case,
Pθ(t|l, d) and Pϕ(l|t, d) are conditionally inverse to each other, with the table d

acting as a condition of the conversion between the logical form l and text t.

Pseudo-labeling

A drawback of back-translation is that it can only improve a model with its
target-side unpaired data. In our case, the L2T model is trained only on the
pseudo instances constructed from Ut and the LG model only leverages pseudo
data from Ul. To fully utilize the augmented data, we incorporate a pseudo-
labeling scheme, where each model predicts pseudo targets for its source-side
unpaired data, constructing pseudo-parallel instances to re-train itself.

Round-trip Data Weighting

The augmented logical forms and texts can be noisy because they are generated
from imperfect neural models. Moreover, the pseudo-parallel data generated via
IBT and pseudo-labeling are also noisy generations. Therefore, we propose a
round-trip data weighting (RTW) strategy to assign per-sample weights to the
pseudo-paralell data, which can balance their effects during unsupervised training.
In round-trip translation, we first translate a logical form l into a text using an
L2T model and then back-translates it to a reconstructed l̃ with an LG model.
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We then compute the similarity between the l and l̃ with BERTScore [135] as
the weight for this instance. We also apply the same method to unlabeled text
instances. Finally, we obtain a weight vector Wl = [w(1)

l , w
(2)
l , . . . , w

(kl)
l ] for Ul

and Wt = [w(1)
t , w

(2)
t , . . . , w

(kt)
t ] for Ut, where kl and kt are the sizes of Ul and Ut,

respectively.
Our method is inspired by a line of works [50, 55] on unsupervised machine

translation, which adopt round-trip translation to measure the quality of pseudo
instances.

We adopt the BERTScore as the weighting score, a popular evaluation met-
ric for text generation, which leverages the pretrained contextual embeddings
from BERT [25] and compute cosine similarity between words in candidate and
reference sentences/logical forms. We adopt the F1-measure of BERTScore in
practice.

Training Strategy

We adopt a teacher-student training strategy to iteratively optimize the two mod-
els. At each iteration, we have both a teacher copy and a student copy of each
model. The initial teacher models are pretrained on the supervision data at first.
Then, they are frozen to generate pseudo-parallel data for the student models.
Round-trip data weighting is then performed on these data. At the end of each
iteration, the teacher models are updated from the best checkpoints of corre-
sponding student models.

Within each iteration, we perform a pretrain-finetuning (PT-FT) scheme: the
student models are first pretrained on the pseudo-parallel data generated from
both IBT and pseudo-labeling, then finetuned on the clean supervision data S
as teacher forcing. This scheme can also reduce the negative impacts caused by
noisy pseudo-parallel data [44].

During the PT stage in semi-supervised training, we optimize the following
objectives to train the models on the combination of pseudo-parallel data from
both IBT and pseudo-labeling.
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L(θ) =E(d,t)∼Ut [−wt log Pθ(t|l̂, d)]+
Ed,l)∼Ul

[−wl log Pθ(t̂|l, d)],
L(ϕ) =E(d,l)∼Ul

[−wl log Pϕ(l|t̂, d)]+
E(d,t)∼Ut [−wt log Pϕ(l̂|t, d)], (3.5)

where t̂ ∼ argmaxtPθ(t|l, d) and l̂ ∼ argmaxlPϕ(l|t, d) are the pseudo target se-
quences generated by the dual models; wl and wt are the corresponding weights
for the pseudo-examples. A formal description of iterative joint training is illus-
trated in Algorithm 1.

Algorithm 1 Training procedure
1: Input: Augmented logical form dataset Ul; augmented text dataset Ut; Su-

pervised dataset S;
2: Output: A Logic2Text model Pθ; an LG model Pϕ.

▷ Pretraining
3: Initialize student models P S

θ and P S
ϕ , and teacher models P T

θ and P T
ϕ with

pretrained LMs.
4: Train P T

θ and P T
ϕ on S.

▷ Iterative Joint Training
5: repeat
6: With P T

θ and P T
ϕ as the generation models, generate pseudo-paired data

for Ul and Ut.
7: Compute data weights Wl for Ul and Wt for Ut via round-trip weighting.
8: Train P S

θ and P S
ϕ on combined pseudo-paired data, according to Equation

(3.5).
9: Train P S

θ and P S
ϕ on S.

10: Update teacher models with the best parameters of student models: P T
θ =

P S
θ ; P T

ϕ = P S
ϕ .

11: Re-initialize P S
θ and P S

ϕ as in step 3.
12: until convergence or max iteration reached
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# of instances for training DA models 8566
# of tables for training DA models 4554
# of tables for DA inference 4554
# of augmented logical forms 29042
# of augmented texts 31247

Table 3.1: Statistics of data augmentation (DA).

3.4 Experiments

3.4.1 Datasets
We conduct experiments on the Logic2Text dataset. Each table in Logic2Text
is associated with 1 to 3 instances with different logic types. We reuse the L2T
dataset to construct a logical form generation (LG) semantic parsing dataset, in
which a logical form is parsed from a table and a text description. LG follows the
same train/validation/test split as Logic2Text. Table 3.1 lists the statistics of
the augmented data.

3.4.2 Evaluation Metrics
We use BLEU-42, ROUGE-1,2,4,L3 to evaluate the models on the Logic2Text
task, following [20]. In addition, we adopt BERTScore [135] to measure the se-
mantic similarity between generated sentences and gold references. We also adopt
Blec4 [110], an automatic metric that measures the logic consistency between
logical forms and texts through rule-based string match and presents reasonable
correlation with human evaluation. For the LG task, we adopt Logical Form
Accuracy (LFA) as the main evaluation metric. LFA is the accuracy of the gen-
erated logical forms that have the exact string match with gold references. In
addition, we use two fuzzy metrics to complement LFA: Pattern Accuracy (PTA)
and Execution Accuracy (EXA). PTA only measures whether a generated LF
has the same compositional pattern of logical functions with the ground truth,
allowing mismatch of specific entities. EXA is the proportion of generated LFs

2multi-bleu.pl
3rouge-1.5.5
4https://github.com/chatc/Blec

47



that can be executed on the table and returns a true value.

3.4.3 Experimental Settings
We implement our model on the Huggingface Transformers library [129] and Py-
Torch [90]. Our framework is theoretically applicable to any sequence generation
model. In this work, we use GPT-2-small as our base model for both TopicDA
and iterative training, because of its strong performance and reasonable model
complexity. We adopt the AdamW [72] optimizer. We employ beam search with
the size of 4 for the decoding in both data augmentation and semi-supervised
learning. The best checkpoints of the Logic2Text models are chosen based on
the BLEU score on the validation set, and for LG, they are chosen based on the
LFA on the validation set. The word embeddings and positional embeddings of
the model are frozen during training. The source sequence, i.e., concatenation of
a logic type, caption, headers, table content and logical form or sentence, has a
maximum of 800 tokens. The maximum length of target sequence is set to 200.

We experimented on a set of combinations of batch size (bs) and learning rate
(lr) by manually tuning on the validation set results. With trial and error on
bs={1, 2, 4, 8, 20} and lr=[1 × 10−5 : 3 × 10−4] with step size 1 × 10−5. we
found (bs=2, lr=2 × 10−5), (bs=4, lr=3 × 10−5), (bs=8, lr=5 × 10−5) consistently
good. For base models without semi-supervised learning, we set the batch size
to 8 and the learning rate to 5 × 10−5. We adopt (bs=2, lr=2 × 10−5) for the
full model because of the extra memory cost of pseudo data generation and dual
model training. We use a gradient clipping with L2-norm and threshold 5.0. We
fix the random seed for all experiments.

Here, we provide hyper-parameters of the semi-supervised training strategy.
The initial teacher models of L2T and LG are pretrained on the supervision data
for 6 epochs. During each iteration, the student models are pretrained on the
pseudo-parallel data for 4 epochs, then finetuned on the supervision data for 7
epochs. The number of maximum iteration is set to 3. It takes approximately 24
hours to finish one iteration on an NVIDIA A6000 GPU. Empirically, the best
results are obtained from the second or the third iteration.
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3.4.4 Models for Comparison
We compare the proposed method with the following strong baselines proposed
by previous work.

• Graph2seq+copy [20]: Graph2seq [131] builds a graph-based encoder to
encode the logical forms with the copy mechanism.

• Transformer+copy [20]: This approach is based on the vanilla Trans-
former [119] network with extra copy mechanism.

• GPT-2 [20]: A pretrained GPT-2 model is finetuned on the Logic2Text
dataset, where the input tables and logical forms are represented as text
sequences.

• Snowball [110]: This framework adopts iterative training of both a gen-
erator and an evaluator, while perturbing the existing logical forms for
data augmentation and reports the best results on Blec with pretrained
BART [63] as the base model. This work does not report the results on
BLEU and ROUGE.

Moreover, we re-implement the GPT-2 model with our data serialization meth-
ods. We adapt the GPT-2 model to both Logic2Text and LG as described in
Section 3.3.1.

Besides supervised baselines, we employ a semi-supervised baseline: GPT-2
+ self-training (GPT-2-ST). Specifically, we adopt a similar iterative training
strategy to our approach, where each model generates pseudo-labeled data from
the augmented data of TopicDA and refine itself through self-training. The same
PT-FT strategy is adopted, following the wisdom of [44]. It can also be seen as
ablating our framework by removing the entire dual-task interaction.

3.4.5 Main Results
In Table 3.2 and Table 3.3, we can observe that the models based on pretrained
GPT-2 completely outperform previous neural models without pretraining. GPT-
2+ST improves supervised GPT-2 by utilizing our augmented data in a self-
training manner. Although the Logic2Text and LG models are trained sep-
arately without interaction in GPT-2+ST, we still observe consistent improve-
ments in all the evaluation metrics. This demonstrates the advantage of using our
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Models BLEU-4 ROUGE-1 ROUGE-2 ROUGE-4 ROUGE-L BERTScore Blec
Graph2seq+copy 25.38 58.15 32.79 12.25 49.47 – –
Transformer+copy 26.42 58.77 33.05 12.83 49.01 – –
GPT-2 [20] 31.44 64.16 39.48 17.46 53.99 – –
Snowball – – – – – – 88.60
Our Implementations
GPT-2 31.95 64.71 40.28 18.47 54.19 0.581 86.72
GPT-2+ST 32.58† 64.93† 40.73† 18.63† 55.18 0.589 88.74†

Ours 33.78∗ 65.98∗ 41.77∗ 19.70 56.05∗ 0.593 89.38∗

– RTW 32.72† 65.53 40.96† 18.91 55.52 0.592 89.01
– RTW & PL 32.65† 65.27† 40.91† 19.15 55.20† 0.591 87.45†

Table 3.2: Main and ablation results on the test sets of Logic2Text. ∗ indicates
that the scores are significantly higher than the baseline model (GPT-
2) with paired bootstrap resampling [29] (p < 0.05). † indicates that
the scores are significantly lower than the full framework (Ours) with
paired bootstrap resampling (p < 0.05).

augmented data. Moreover, our full model further outperforms these baselines
and achieves state-of-the-art results on all the automatic metrics. By comparison
with GPT-2+ST, our method shows significant improvements, demonstrating
the effectiveness of the joint learning of Logic2Text and LG. In particular,
our model improves our supervised baseline by about 1.8 points in BLEU-4 and
ROUGE-L and 2.6 points in Blec.

3.4.6 Ablation Study
To validate the effectiveness of our joint training method, we conduct ablation
studies on two ablated variants of the full model with full supervised data: (i) –
RTW: remove round-trip data weighting; (ii) – RTW & PL: remove both RTW
and pseudo-labeling. Model (ii) can be seen as a standard IBT method with
epoch-level iteration [136, 132]. As shown in Table 3.2 and Table 3.3, both round-
trip data weighting and pseudo-labeling contribute to the best performance of our
model.

3.4.7 Human Evaluation
We conduct a human evaluation to evaluate the fidelity of Logic2Text gen-
eration. We randomly sampled 200 instances from the test set and compared
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Models LFA PTA EXA
GPT-2 68.13 85.90 84.25
GPT-2+ST 68.59 86.36 84.71
Ours 70.05 86.90 86.26
– RTW 69.60 86.17 85.44
– RTW & PL 69.41 85.90 85.44

Table 3.3: Main and ablation results on the test sets of LG.

Models Factual Acc. Semantic Acc.
Gold 98.5 96.5
GPT-2 72.0 75.0
Ours 76.0 79.0

Table 3.4: Human evaluation results on 200 sampled instances from the test set
of Logic2Text.

the generations of two models: (1) GPT-2 and (2) Ours, along with (3) the gold
references. We follow [20] to evaluate on two metrics: (1) factual correctness,
i.e., whether the generated description is factually supported by the table; (2) se-
mantic correctness, i.e., whether the generated description is consistent with the
meaning of the logical form. We hired 2 human experts with a master’s degree
in Computer Science to evaluate each example. The annotators were instructed
to fully understand the logical form schema before the annotation. They first
performed evaluation separately, with an inter-annotator agreement of 0.61 av-
eraged over the results of Ours and GPT-2, measured by Cohen’s Kappa [120].
The decisions of inconsistent judgements are finally made on discussion. The
outputs were shuffled and the model names were hidden to the annotators during
the annotation.

As can be observed in Table 3.4, our method outperforms the base model
on both metrics by 4.0%, proving the effects of our framework to the logical
fidelity. Although there is still a large gap between Ours and gold references, our
improvement is reasonable because we did not use outside data nor special model
designs compared to GPT-2.
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Topic Acc. Factual Acc. Structural Validity
Logical forms 98.52% 13.47% 96.66%
Texts 94.30% 27.85% -

Table 3.5: Results of the quality of the augmented data.

3.4.8 Analysis of Data Augmentation
Here, we analyze whether TopicDA can generate high-quality data from the fol-
lowing aspects.

Topic Consistency

The main motivation of our TopicDA method is to use logic types as topics
to encourage the DA models to generate topic-diversified data. Therefore, we
analyze whether the augmented data are consistent with the pre-assigned topic.
To realize this evaluation, we train two auxiliary topic classifiers LF-CLR and
Text-CLR for classifying the logic type of a logical form and a textual description,
respectively. The two classifiers are pretrained BERT-base [25] models finetuned
on the training set of Logic2Text and then validated on the test set. The
validation accuracy of LF-CLR reaches 100% and the Text-CLR achieves 97.7%.
These classifier models are then used to evaluate whether the augmented data are
consistent with their assigned logic types during augmentation. The evaluation
results listed in Table 3.5 suggest that the augmented data are generally topic-
consistent with an accuracy of 98.52% and 94.30% for LFs and texts, respectively.
This demonstrates that the generation of TopicDA is controlled well by the topic
prompt.

Topic Diversity

We then analyze the topic diversity of the augmented data, i.e. how well they
cover the logic types in Logic2Text. Figure 3.2 shows the distribution of the
augmented LFs/texts on different logic types. As can be observed, the augmented
data cover all the seven logic types almost uniformly.
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Figure 3.2: Distribution of the augmented logical forms and texts on different
logic types.

Factual Correctness

Similarly to the factual correctness defined in Section 3.4.7, we validate whether
the augmented data can be exactly supported by their assigned tables. We con-
sider a logical form as factually correct if it can be executed on the table and
returns a true value. For texts, we back-translate them to logical forms with an
LG model and then execute the logical forms on the tables. The accuracy of
factual correctness is 13.47% and 27.85% for logical forms and texts, respectively.
This result is reasonable because the factual correctness is evaluated with the ex-
act match of the logical form execution, which allows no ambiguity in the natural
language arguments. However, the noisy data can still benefit the training with
the RTW module.

Structural Validity

We then evaluate the structural validity of the augmented LFs w.r.t. three rules:
(1) functions are valid according to the logic schema defined in [20]; (2) the types
and numbers of arguments are consistent with the pre-defined function schema;
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Figure 3.3: The proportion of augmented data vs. the BLEU-4 score on the test
set of Logic2Text.

(3) the LF sequence can be successfully parsed into a tree-form LF. As shown in
Table 3.5, 96.66% of the LFs are valid, proving the effectiveness of the proposed
DA model in learning the logical form structure.

3.4.9 Effects of the Size of Augmented Data
We analyze the effects of the amount of augmented data by varying the proportion
of the data. Specifically, we randomly sample from the full augmented data
with proportions 0.2, 0.4, 0.6, and 0.8, and evaluate the performance on the
Logic2Text task. As illustrated in Figure 3.3, the size of augmented data
matters. Significant gains over the supervised baseline can be observed with only
40% of the augmented data. While the difference within 0.4, 0.6, and 0.8 seems
relatively marginal, we can expect more gains if the augmented dataset is scaled
up.
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Figure 3.4: A qualitative example sampled from the test set. Some irrelevant
parts of the table are hidden. Incorrect information in the model
outputs is marked as red. The correct entity generation is marked as
green.

3.4.10 Qualitative Examples
Here, we show a qualitative example of model generations in Figure 3.4. We can
infer that the difficulty of this example mainly lies in the correct generation of the
date entity 1 march 2006. There is a slight mismatch between the table and the
logical form as the logical form only provides the information of month (march)
and year (2006 ), without the day (1 ). This leads to hallucinations of GPT-2,
GPT-2+ST and Ours - RTW&PL in generating the incorrect day. Ours - RTW
can generate a factually correct sentence, but with only the month information.
By contrast, only our full model (Ours) can correctly generate the full entity
march 1, 2006 in the table, although the meaning is slightly different from the
gold reference. However, the model outputs are still limited to the information in
the logical form, while a human-written sentence (Gold) often contains additional
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All Correct Incorrect
Texts 0.65±0.20 0.70±0.19 0.64±0.20

Logical forms 0.86±0.16 0.92±0.12 0.85±0.16

Table 3.6: Mean and standard deviations of the data weights for different subsets
of the augmented data.

supporting information such as 2007 afc asian cup qualifier which comes from
the table. This suggests potential future work on better information fusion of the
table and logical form.

3.4.11 Effectiveness of Round-trip Data Weighting
In Section 3.4.8, we measured the factual accuracy of the augmented data, which
showed 13.47% of the logical forms and 27.85% of the texts are logically supported
by the tables. However, we adopted a soft data weighting approach instead of hard
data filtering based on factual correctness. This is because factual correctness is
evaluated based on exact match based execution of the augmented logical forms
and the back-translated logical forms from the augmented texts. Therefore, it
may strictly filter out some logically correct examples. In comparison, our round-
trip data weighting method tends to assign lower scores to low-quality augmented
data while still considering their potential effects. To analyze whether round-
trip data weighting can measure the quality of augmented data, we split the
augmented dataset (“All”) into “Correct” and “Incorrect” based on their exact
factual correctness. In Table 3.6, we show that “correct” data tend to have higher
round-trip weights.

We show some qualitative examples in Section 3.4.12 to showcase the potential
effects of imperfect augmented data.

3.4.12 Qualitative Examples of TopicDA
We list two examples of our TopicDA method, which show perfect quality in terms
of topic consistency and logical fidelity. In Figure 3.5, we show the augmented
logical form generated by assigning logic type superlative to the given table, which
describes correct information in the table and matches the given topic. We also
list its forward and round-trip translations here, which were used to compute
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Figure 3.5: An example of an augmented logical form generated via TopicDA.

Figure 3.6: An example of an augmented text generated via TopicDA.
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Figure 3.7: An incorrect example of an augmented text generated via TopicDA.

its round-trip data weight. These translations are of considerable quality, indi-
cating a high data weight during semi-supervised training. Similarly, Figure 3.6
demonstrates a good example of text augmentation and its translations. How-
ever, sometimes the DA models can generate factually incorrect outputs. As
shown in Figure 3.7, although the augmented text is consistent with the assigned
topic “unique”, the correct date should be “august 12” instead of “august 19”.
Nonetheless, it is still close to a perfect generation. In addition, its forward trans-
lation logical form is grammatically correct and semantically consistent with the
text, which suggests that this augmented text may still benefit the models on the
translation between logical forms and texts. Our data weighting method will also
assign a high score to this example because the round-trip translation perfectly
matches the original text.

3.5 Time Complexity of the Proposed Method
Here, we provide an analysis of the time complexity of the models in our ex-
periments. Let Ns denote the number of supervision data, Nut the number of
augmented texts and Nul the number of augmented logical forms. Let T (n) de-
note the time complexity of training a model on n examples for one epoch, and
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I(n) the time complexity of sequence generation on n examples for one epoch.
We assume that T (a + b) = T (a) + T (b) and I(a + b) = I(a) + I(b). Within each
iteration of joint training, the time complexity of our method is as follows:

1. The generation of pseudo-parallel data, which costs I(Nut + Nul).

2. The round-trip generation for computing round-trip weights, which again
costs I(Nut + Nul). The computation of round-trip weights is omitted be-
cause it costs relatively trivial time.

3. The pretraining on pseudo-parallel data, which costs 2×Mp ×T (Nut +Nul),
where Mp is the number of pretraining epochs. The 2 here indicates that
we have two models to train, both a Logic2Text and an LG model.

4. The finetuning on supervision data, which costs 2×Mf ×T (Ns), where Mf

is the number of finetuning epochs. Again, 2 indicates the training of two
models.

In total, the time complexity of one iteration is 2×I(Nut+Nul)+2×Mp×T (Nut+
Nul)+2×Mf ×T (Ns). Similarly, we also list the overall time complexity of all the
models we experiment with in Table 3.7. Compared with the base model GPT-
2, the additional time cost of our models mainly comes from the inference and
training on additional pseudo data, which is much larger than the supervision
data, i.e., Nut > Ns and Nul > Ns . However, this is a common trade-off of
using semi-supervised learning approaches, where large-scale unlabeled data are
exploited to boost the performance. As shown in the table, the time complexity
of our full model is asymptotically close to the standard self-training strategy
GPT-2+ST, where re-training student models is also used to avoid overfitting on
pseudo-parallel data.

3.6 Summary
In this chapter, we introduce our first approach, data augmentation for logical
NLG with explicit logical form control. We herein proposed a topic-conditioned
data augmentation method to generate logical forms and textual descriptions
with auxiliary tasks. We also introduced logical form generation as a dual task
of logical-level NLG, and proposed a joint semi-supervised learning approach to
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Model Time Complexity
GPT-2 2 × M × T (Ns)

GPT-2+ST R × (I(Nut + Nul) + Mp × T (Nut + Nul) + 2 × Mf × T (Ns))
Our full model R × (2 × I(Nut + Nul) + 2 × Mp × T (Nut + Nul) + 2 × Mf × T (Ns))

-RTW R × (I(Nut + Nul) + 2 × Mp × T (Nut + Nul) + 2 × Mf × T (Ns))
-RTW&PL R × (I(Nut + Nul) + Mp × T (Nut + Nul) + 2 × Mf × T (Ns))

Table 3.7: The time complexity of the models. R is the number of iterations
(R ≤ 3 in practice) . M is the number of training epochs for GPT-2.
In practice, we set Mp = 4, Mf = 7, M = 50 (early-stopping is not
considered here). We also omit the time of warm-up pretraining of the
semi-supervised methods because it is relatively trivial.

improve these two tasks with augmented data. The experimental results demon-
strated the effectiveness of the proposed method in data augmentation, which re-
quires no external resources. Our approach shows a novel pipeline from augment-
ing unpaired LFs/texts to generating pseudo-parallel data with semi-supervised
learning, effectively addressing the data scarcity problem of using explicit LFs for
logical NLG.
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4 Augmenting Logical Forms to
Improve Logical NLG via
Implicit Knowledge Transfer

The method introduced in the last chapter treats LFs as explicit control features.
With LFs as mediators conveying accurate logical-level facts, models can focus
on surface realization from associated LFs and achieve high fidelity. However,
such a task setting requires parallel <LF, text> data, while the annotation of
LFs aligned with logical descriptions requires intensive human labor. While our
approach alleviates the data scarcity problem by augmenting additional parallel
data from tables, the requirement of a readily available parallel corpus cannot be
avoided. While Chen et al. [20] annotated the Logic2Text dataset that enables
our research, such parallel data may not be available in real-world scenarios, which
limits the potential applicability of our method. Another concern is about the
model’s interface. For each generation, an LF must be provided in advance, while
providing such LFs is non-trivial and implausible for end users as it also requires
content selection and logical inference over tables. Therefore, the model for this
kind of LF-to-text generation may only serve as a sub-module in a real NLG
system.

In this chapter, we propose a second approach to address logical NLG in the
direct table-to-text manner. We avoid the explicit usage of LFs but treat LFs as
implicit mediators to improve the learning of logical inference.

Specifically, we propose a Pretrained Logical Form Generator (PLOG) frame-
work, in which the model is first pretrained on a large-scale synthetic corpus of
table-to-logical-form generation (table-to-logic) to learn how to generate accu-
rate logical forms from tables, then finetuned on downstream table-to-text tasks
to transfer the logical inference knowledge learned from pretraining to natural
language generation. Our insights are three-fold.

61



branding callsign frequency power location

dwbl 1242 dwbl 1242khz 20kw metro manila
mellow 947 dwll 94.7mhz 20kw metro manila
mellow 887 dyku 88.7mhz 10kw Iloilo city
mellow 957 dxbl 95.7mhz 10kw cagayan de oro

mellow 947 davao dxll 94.7mhz 20kw davao city

(b)  (Controlled) Logical Table-to-Text Generation

Input: Table + (Highlighted Cells)
Target: For dwbl, the power for dwll is higher than the power for dyku.

(a)  Table-to-Logical-Form Generation

Input: Table + (Highlighted Cells)
Target: greater { hop { filter_eq { all_rows ; callsign ; dwll } ; power } ; 

hop { filter_eq { all_rows ; callsign ; dyku} ; power } }

Title: dwbl

Intermediate Pretraining
on Task (a)

Finetuning
on Task (b)

Pretrained LM PLOG PLOG( Finetuned)

Figure 4.1: Examples of the tasks and the training procedure of our proposed
PLOG model. Task (a) is the table-to-logic pretraining task we pro-
pose; task (b) is the downstream logical table-to-text task we target.
The yellow-colored table cells are annotated as control features for the
ContLog task, while for LogicNLG, such highlighted cells are not
available. We collect different table-to-logic datasets for ContLog
and LogicNLG separately and perform intermediate pretraining for
pretrained language models on the collected data, then finetune the
model on the downstream tasks.

1. Unlike natural language sentences, LFs are formally defined with unam-
biguous semantics; hence it is much easier and more reliable for models to
acquire logical inference knowledge via learning from logical form genera-
tion.

2. It is viable to collect large-scale logical form corpora via rule-based sampling
over tables without the efforts of human annotators.

3. Via pretraining on large amounts of table-to-logic data, the proposed model
can better understand the table and organize the content planning with
logical inference, leading to faithful table-to-text generation.

Here, we treat logical forms as intermediate meaning representations of logical-
level texts, while we do not need them when performing the downstream task.
This setting averts the explicit alignment of the LFs used in pretraining and the
texts used in finetuning. This kind of task transfer learning techniques have been
widely-explored in the representation learning of tabular data [69, 49, 33, 28].
The basic idea is to reuse the PLMs pretrained on unstructured text corpora, and
perform an intermediate pretraining for these PLMs on well-designed pretraining
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tasks to enhance the model’s understanding of structured data [28]. Synthetic
pretraining data is collected via self-supervision or data augmentation. Such
table pretraining models are applicable to various downstream tasks such as table
question answering [33, 69, 49], but have not been explored well in the table-
to-text task. Our approach is also the first trial of using formal language in
pretraining models for table-to-text generation.

To realize the table-to-logic pretraining, it is crucial to construct a table-to-logic
dataset, comprising of <table, LF> pairs, where each LF is factually supported
by the table. In Chapter 3, we developed an auxiliary table-to-logic model, de-
signed to generate augmented LFs from existing tables. This model underwent
pretraining on the Logic2Text dataset to encourage the production of diversi-
fied logical forms given a table and assigned logic types. However, the model’s
effectiveness was limited, primarily because the generated LFs were prone to fac-
tual inaccuracies. In fact, as highlighted in Chapter 3 (Table 3.5), the factual
accuracy was only 13.47%. This limitation can be attributed to the constrained
size of the training data within the Logic2Text dataset.

Such factual inaccuracies is acceptable for the research in Chapter 3, as logi-
cal consistency between LFs and texts is prioritized when using LFs for explicit
guidance. However, in this chapter, our focus shifts to training a table-to-logic
model that serves as the foundation for the table-to-text model. Overcoming the
scarcity of LF data is crucial, necessitating the collection of large-scale, factually
accurate LFs. This allows the table-to-logic model to learn precise logical rea-
soning knowledge. Therefore, using the model-based data augmentation method
from the previous chapter is not suitable.

To address this, we introduce a rule-based method for LF data augmentation,
comprising a templatization phase and an instantiation phase. This process allows
us to collect factually correct LFs via sampling from tables. For the templati-
zation phase, we manually construct a set of abstract templates for LFs. These
templates comprise function nodes, with several placeholder nodes allocated for
future instantiation based on specific tables. These templates are extracted from
the LFs in the Logic2Text dataset to ensure a distribution closely aligned with
downstream tasks. In the instantiation phase, we propose an execution-guided
bottom-up sampling method to fill in the placeholder nodes of the LF templates
with concrete objects and operations. This sampling is achieved through a post-
order execution of the LF tree, thereby ensuring the accuracy of the instantiated
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LFs.
Compared to the model-based method in Chapter 3, our rule-based method

offers several advantages:

• It ensures 100% factual accuracy of the augmented LFs through the execution-
guided sampling strategy, addressing the issue of factual errors in LFs com-
pared to the model-based method.

• It enables the generation of diverse LFs. We can select LF templates with
various logic types and combinations of logical operations, thereby promot-
ing logic-diversified augmented data. Additionally, randomness during the
sampling phase allows for the creation of various candidate LFs from the
same table and LF template. In contrast, the model-based method does
not solve the problem of diversifying outputs from the same input, making
its diversity constrained by the control features during DA model training.

• It does not necessitate existing parallel datasets for training a DA model.
Although we extract LF templates from the Logic2Text dataset, such
templates can also be seen as constructed based on the LF definition. No-
tably, the DA model is essentially an outcome of this chapter’s proposed
table-to-logic pretraining framework. From this aspect, training a table-
to-logic model with LFs augmented via another pretrained table-to-logic
model is unreasonable.

For the model training, we formulate the pretraining task in the same sequence-
to-sequence (seq2seq) generation to achieve smooth transfer learning to the down-
stream table-to-text task. We adopt several strong pretrained language models,
BART and T5, as the backbone models.

Because the previous benchmark for logical NLG, LogicNLG, lacks control
features, leading to uncontrollable content selection, we collect a new Controlled
Logical Natural Language Generation (ContLog) dataset as a complementary
testbed towards controlled logical table-to-text generation. Specifically, we re-
organize the Logic2Text dataset by detecting highlighted cells based on their
annotated logical forms. Figure 4.1 presents examples of the table-to-logic pre-
training task and the (controlled) logical NLG task.

On the two benchmarks, LogicNLG and ContLog, PLOG outperforms the
strong pretrained baselines by a large margin on the logical fidelity, demonstrating
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the effectiveness of table-to-logic pretraining. Human evaluation and analysis
experiments further demonstrate that our approach can considerably promote
the fidelity of logical NLG.

The rest of this chapter is organized as follows. In section 4.1, we introduce
the related work on table pretraining techniques. In Section 4.2, we introduce the
downstream task formulation of logical NLG and the construction of the Cont-
Log dataset. Section 4.3 describes the formulation of the proposed table-to-logic
pretraining task, including the task design and the collection of pretraining data.
Section 4.4 introduce the design of PLOG models, such as model architectures,
the model input and output. Section 4.5 describes the experiments on Logic-
NLG and ContLog with the proposed method. Then, we employ a comparison
experiment to analyze the model performance with different model interfaces in
Section 4.6.

4.1 Related Work
Table pretraining [33, 69, 28, 49] has been popular for table understanding tasks
such as Table Question Answering (TableQA) [140, 88] and Table Fact Verifi-
cation (TableFV) [16]. With large-scale pretraining corpora, the table pretrain-
ing models can learn a better joint understanding of tabular and textual data
through well-defined pretraining objectives. Most table pretraining works are
based on table-text corpora, while TaPEx [69] learns from synthetic SQL pro-
grams, which is the closest to our work. Specifically, TaPEx is first pretrained on
a table-based SQL execution task, where the input is a table and a SQL program,
and the output is the answer to the SQL query. Then, the pretrained model can
be finetuned on TableQA and TableFV tasks where the input is a table associ-
ated with a textual query/statement, and the output is the answer. However,
our work differs from TaPEx in that we focus on table-to-text generation, where
the input is a structured table and the output is a textual statement of the table
contents. Our task requires deriving a complete logical-level fact from the table
without the guidance of any query. In addition, our pretraining task also requires
generating a self-contained logical form from the table, while TaPEx aims to
learn the neural execution of an existing SQL program. Another line of related
works adopts pretraining techniques to solve the text-to-SQL parsing [134, 109]
task, also involving collecting synthetic SQL data and pretraining models on SQL
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generation tasks. However, text-to-SQL still requires an explicit NL query as the
input, which is different from our pretraining task.

Although table pretraining is popular in table understanding tasks, it has not
been well-explored in table-to-text. Previous works on table-to-text tend to di-
rectly utilize pretrained language models (PLMs) by flattening structured tables
into sequences and finetuning on in-domain data [40, 52, 130]. For logical NLG,
the prior works [17, 125] are also based on the direct finetuning of PLMs that were
pretrained on textual corpora. Compared to these studies, our approach shows a
novel way to enhance the logical reasoning ability of PLMs with transfer learn-
ing. Andrejczuk et al. [3] have incorporated structural positional embeddings
of tables into T5 [98] and performs intermediate pretraining in a similar way to
TaPas [33]. Similarly, PLOG can also be seen as an intermediate pretraining
of PLMs for table-to-text generation, but it is the first trial of using LFs as the
pretraining resource.

4.2 Downstream Tasks
In this work, we focus on table-to-text generation without explicit LFs. The
previous benchmark LogicNLG aims at generating sentences from a full ta-
ble1 without control features, which causes uncontrollable content selection and
hinders faithful generation [20]. Therefore, we propose a new controlled logi-
cal table-to-text dataset ContLog as a complementary testbed to LogicNLG.
Inspired by previous studies on controlled table-to-text [87, 22], we incorporate
highlighted table cells as additional supervision signals in ContLog (Figure 4.1)
to narrow down the scope of content selection. From the view of real-world ap-
plications, the highlighted cells are easy to specify and directly reflect the region
of interest to end users [48]. Unlike the Logic2Text task setting, the models
trained on ContLog still need to reason over the table for content planning,
which shows a reasonable balance between controllability and flexibility.

1In practice, we follow [17] to detect the relevant columns with the target text and only include
these columns in the input. While this brings some controllability, the columns still lead to a
large search space for the content selection.
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4.2.1 CONTLOG Dataset Construction
We reuse the Logic2Text dataset to build ContLog. In Logic2Text, there
is an annotated LF for each target sentence. As described in Section 2.2.1, each
LF can be regarded as an executable program composed of combinations of mul-
tiple logical operations and the LFs can be divided into seven logic types. All
the relevant table columns and entities involved in the target sentence are also
explicitly given in the LF. Therefore, we seek to reuse the annotation of LFs in
Logic2Text to automatically extract highlighted table cells without human an-
notation. A simple way for this is to directly extract the corresponding columns
with a simple string match between the LF and the table’s column headers. How-
ever, highlighted cells may be random local regions of a table rather than a full
column. Hence, we aim to design more fine-grained control features for this task,
for which we execute each LF in Logic2Text against the context table and
extract the table cells relevant to the execution process. The selection of final
table cells is based on manually designed rules. The highlighted cells may com-
prise multiple columns, a single row, or scattered table cells. Finally, we obtain
ContLog, a re-purposed version of Logic2Text with the same examples but
varied control features. Figure 4.1 shows an example of ContLog.

4.2.2 Task Formulation
The input of LogicNLG is a table T with an NL title W . T = {Tij|1 ≤ i ≤
RT , 1 ≤ j ≤ RC}, where RT and RC are the numbers of rows and columns,
respectively, and Tij is the table cell value at row i and column j. Each column
also has a column header Colj. The output is a sentence y. The task objective is
to find a model P (y|T ) to generate a sentence ŷ that is both fluent and logically
entailed by the table.

In ContLog, an additional set of highlighted cells H = {(i, j)} are included
as a part of the input, where i and j denote the row index and column index
of a highlighted cell. The objective thus becomes P (y|T ; H). It also contains
a logic type c for each example, which will serve as an optional feature in our
experiments.
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4.3 Table-to-Logic Pretraining
To achieve faithful logical table-to-text generation, we propose the table-to-logic
pretraining task that involves generating an LF from an input table. In this task,
the model needs to mine logical-level facts from tables and organize the facts into
formally defined LFs. Each logical form can be regarded as an abstract content
plan of a logical-level description.

4.3.1 Pretraining Task Formulation
The input of the pretraining task is the same (sub-) table as we introduced in
Section 4.2.2, while the target is an LF instead of a sentence. The definition of
LFs is the same as we introduced in Section 2.2.1. An LF can be represented as
a tree-structured program or just a linearized string form language, as shown in
Figure 1.2. We adopt the string form as the generation target to enable sequence-
to-sequence generation.

4.3.2 Evaluation of Table-to-Logic
The pretraining task test the ability of models to generate a logical form string
that can be parsed into a tree-structured program, and the program can be exe-
cuted on the table and returns a true output that indicates the table entails it.
Such an evaluation implies both grammatical and semantic correctness:

1. The generated LF string must not have syntactical errors. This requires
correct operation names and structural indicators such as ‘{’, ‘}’, and ‘;’. A
correct LF must be successfully parsed back to a tree structure.

2. The tree-structured LF must pass the execution verifier.

Therefore, we adopt the Execution Accuracy of generated LFs as the evaluation
metric for the pretraining task, the same as the metric used for LG evaluation in
Chapter 3.

4.3.3 Pretraining Data Collection
To perform table-to-logic pretraining, we must collect enough <table, LF> pairs.
The formal definition of logical forms allows us to automatically collect a large

68



Figure 4.2: An example of instantiating a logical form template. The colored
nodes in the template indicate nodes that do not need instantiation,
while the white-background nodes are typed placeholders in the tem-
plate. The dotted arrows indicate instantiation. We employ instantia-
tion of these white nodes with a bottom-up execution-guided sampling
approach. Finally, a logical form instance is obtained. Column and
Object indicate a column header and an object (entity/number), re-
spectively. FILTER indicates the category of row-filtering functions.
all_rows is a special entity to represent the entire table.

amount of LFs from tables via rule-based sampling. Here, we propose instantiat-
ing existing logical form templates to sample logical forms similarly to how prior
studies collect SQL programs [141, 69]. Specifically, we extract abstract templates
from the logic schema used in Logic2Text. Then we adopt an execution-guided
bottom-up sampling method to instantiate the templates based on the context
tables.

Templatization

We first extract the templates based on the LF schema. We define them as trees
with typed placeholder nodes that need to be instantiated into specific func-
tions or entities. The placeholders include two entity types: Column represents
a column header and Object means either a textual entity or a numerical value.
In addition, we categorize some similar functions into smaller groups to obtain
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Category Function

FILTER filter_eq, filter_not_eq, filter_greater, ...
SUPERLATIVE max, min

ORDINAL nth_max, nth_min
SUPERARG argmax, argmin

ORDARG nth_argmax, nth_argmin
COMPARE greater, less, eq, not_eq
MAJORITY all_eq, all_not_eq, most_eq, all_greater, ...

AGGREGATE avg, sum

Table 4.1: The categorized functions for template abstraction. Functions in the
same category have the same argument definitions.

several function placeholders, which can reduce the number of templates and sim-
plify the instantiation work. For example, FILTER represents a set of row-filtering
functions. Table 4.1 shows the list of these function placeholders. The other func-
tions that cannot be categorized need not instantiation. Finally, we obtained 35
templates, an average of 5 for each logic type.

Instantiation

We propose an execution-guided bottom-up sampling strategy to instantiate the
template trees. An example of template instantiation is depicted in Figure 4.2.
We handcraft a set of complete rules to instantiate different placeholder nodes.
For example, we uniformly sample a column from the table to instantiate a Column
placeholder (e.g. date in Figure 4.2). For a function placeholder such as FILTER,
we sample a specific function from the corresponding category it represents (e.g.
filter_greater in Figure 4.2).

The instantiation is performed in a post-order traversal of the LF tree. For each
instantiated function node, we execute it, obtain the execution result and feed the
result to the parent function as an argument. Hence, the arguments of higher-
level functions are guaranteed to be valid. The process lasts from bottom to up
until finishing executing the root function node. Here, we list all the instantiation
rules regarding different placeholders. Note that each placeholder is sampled by
considering the input view (a full table or sub-table returned by child functions)
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to the current function node.

1. For placeholder type Column, we randomly sample a column header from
the current input view.

2. For placeholder type Object, the instantiation depends on the parent func-
tion node of this placeholder. If the function node is only or belongs to
the category FILTER or MAJORITY, the placeholder is instantiated as a sam-
pled value from a certain column of the current input view. Otherwise, if
the function node is eq, this placeholder is instantiated as the execution
result of its brother node. This is to guarantee the correctness of equality
judgments.

3. The instantiation of a function-type placeholder depends on its function
category, as listed in Table 4.1. If the placeholder belongs to the func-
tion category COMPARE or MAJORITY, we choose the specific function name
based on the actual relationships among its arguments. For example, the
arguments of COMPARE functions are two objects whose relationship (equal,
greater, less, etc.) can be pre-computed. Hence we can determine the actual
function based on this relationship. If the placeholder belongs to another
category, the function will be uniformly sampled from the function set.

We show more examples of the templates and instantiated LFs in Table 4.2.
For each table, we conduct multiple trials of sampling. At each trial, we ran-

domly select a template based on its distribution in Logic2Text, and perform
the instantiation. Because of the randomness in selecting functions and entities,
we can obtain different results from multiple trials. A trial may sometimes fail
because of execution errors, but each successful trial will result in a correct log-
ical form. We can perform the sampling as many trials as we want to obtain a
large-scale table-to-logic corpus.

Table Source and Data Collection

We collect pretraining data separately for the two datasets, LogicNLG and
ContLog. For each dataset, we use the tables in its training data as the source
tables to avoid potential data leakage. In addition, we remove the sampled LFs
that have appeared in Logic2Text since they are semantically equal to some of
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Logic Type Examples

Count
Template eq { count { [FILTER] { all_rows ; [Column 1] ; [Object 1] } } ; [Object 2] }
Instance eq { count { filter_eq { all_rows ; power ; 20kw } } ; 3 }
Explanation In dwbl, there are 3 brandings with power 20kw.

Comparative

Template [COMPARE] { hop { [FILTER] { all_rows ; [Column 1] ; [Object 1] } ; [Column 2] } ; hop
{ [FILTER] { all_rows ; [Column 1] ; [Object 2] } ; [Column 2] } }

Instance greater { hop { filter_eq { all_rows ; callsign ; dwbl } ; power } ; hop { filter_eq { all_rows ;
callsign ; dyku } ; power } }

Explanation The callsign dwbl has a greater power than dyku.

Unique
Template only { [FILTER] { all_rows ; [Column 1] ; [Object 1] } }
Instance only { filter_eq { all_rows ; location ; iloilo city } }
Explanation Only one brand is located in iloilo city.

Superlative
Template eq { hop { [SUPERARG] { all_rows ; [Column 1] } ; [Column 2] } ; [Object 1] }
Instance eq { hop { argmin { all_rows ; frequency } ; callsign } ; dyku }
Explanation The callsign dyku has the lowest frequency.

Ordinal
Template eq { hop { [ORDARG] { all_rows ; [Column 1] ; [Object 1] } ; [Column 2] } ; [Object 2] }
Instance eq { hop { nth_argmax { all_rows ; frequency ; 2 } ; branding } ; mellow 957 }
Explanation Mellow 957 is the brand that has the second highest frequency.

Majority
Template [MAJORITY] { all_rows ; [Column 1] ; [Object 1] }
Instance most_less { all_rows ; frequency ; 1242khz }
Explanation Most of the brands have a frequency lower than 1242khz.

Aggregation
Template round_eq { [AGGREGATE] { all_rows ; [Column 1] } ; [Object 1] }
Instance round_eq { avg { all_rows ; power } ; 16kw }
Explanation The average power of all the brands is 16kw.

Table 4.2: Examples of logical form sampling. For each logic type, we show an
example of the abstract template, an instance sampled from the table
in Figure 4.1, and a textual explanation of the instance.

the target sentences in ContLog. To evaluate the performance of table-to-logic
models and enable the selection of pretrained models, we also split the collected
LFs into train/validation/test sets. The statistics of the pretraining data and
their corresponding downstream datasets are shown in Table 4.3. Although we
can sample more logical forms with more trials, we find the current pretraining
data enough to obtain ideal experimental results.

4.4 Model Details
In this section, we introduce the details of our proposed model PLOG and how we
conduct the sequence-to-sequence generation for the pretraining and downstream
tasks.
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Dataset #tables #examples (train/val/test)

LogicNLG 7,392 28,450/4,260/4,305
ContLog 5,554 8,566/1,095/1,092

LogicNLG (pretrain) 5,682 426.6k/3,000/2,997
ContLog (pretrain) 4,554 800k/1,500/1,500

Table 4.3: Statistics of the downstream tasks and their corresponding table-to-
logic pretraining data.

4.4.1 Backbone Model
We utilize the same backbone model to address both tasks to achieve the knowl-
edge transfer from the table-to-logic pretraining task to the table-to-text down-
stream task. Theoretically, any text generation model applies to our task, such
as GPT-2 [96], BART, and T5. We test different backbone models, including
BART-large, T5-base, and T5-large.

4.4.2 Model Input
Similarly to prior work on table-to-text generation [52, 87], we employ a template-
based method to serialize the input table. For the LogicNLG task, we follow
[17] to encode the relevant table columns by concatenating the table cells in row-
wise order. For ContLog, we only concatenate the highlighted table cells as
the input, as suggested by prior works on controlled table-to-text generation [87].
This is to avoid the over-length issue with pretrained models and the negative
impacts caused by irrelevant table information.

4.4.3 Numerical Pre-Computation
Numerical reasoning is difficult for neural language models, especially aggregation
operations (e.g., the average of numerical values) and numerical ranking (e.g., the
nth-maximum values of a column). Therefore, we conduct a preprocessing step
by pre-computing some potentially useful numerical values. Similar approaches
have also been proposed to improve the fidelity in table summarization [116]
and text-to-SQL tasks [138]. First, we evaluate each numerical cell’s rank in its
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column (or the scope of highlighted cells) and append this rank to the linearized
cell representation. Hence, each table cell Tij can be serialized into a sequence

cij : <cell> Tij <col_header> Colj </col_header> <row_idx> i </row_idx>
<max_rank> r+

ij </max_rank> <min_rank> r−
ij </min_rank> </cell>.

r+
ij indicates the rank of Tij in column j in the decreasing order and r−

ij is the
rank in the increasing order. The special tokens with angle brackets are used to
indicate the structure of the input. In addition, we compute the average and sum
of each numerical column in the input (sub-) table, and append two aggregation
cell strings csum and cavg to the flattened table sequence. The templates for the
two strings are as follows.

csum
j : <sum_cell> sum_val <col_header> Colj </col_header> </sum_cell>.

cavg
j : <avg_cell> avg_val <col_header> Colj </col_header> </avg_cell>.

Finally, the input (sub-) table is serialized as
S : <table> <caption> W </caption> csum

1 cavg
1 ... c11 c12 ... </table>.

Figure 4.3 shows an example of the input serialization.

4.4.4 Model Output
We linearize each logical form into a string via a pre-order traversal of the
logic tree following [20]. Special punctuations such as semicolons and braces
are used to indicate the structural relationships between functions. For exam-
ple, the logical form instance in Figure 4.2 can be linearized into eq { count {
filter_greater { all_rows ; date ; August 5, 1972 } } ; 5 }. As for
the downstream task, the output becomes a sentence. After pretraining a PLOG
model, we directly finetune it on the downstream table-to-text tasks by changing
the target from logical forms to sentences.

4.5 Experiments

4.5.1 Experimental Settings
Evaluation Metrics

Following prior works [17, 19] on LogicNLG, we evaluate our models on both
surface-level matching metrics and logical fidelity scores. Surface-level metrics
include BLEU-1/2/3, and the logical fidelity metrics include SP-Acc, NLI-Acc,
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<table> <caption> Medal Table from Tournament </caption> <sum_cell> 6 
<col_header> Gold Medal </col_header> </sum_cell> <avg_cell> 2 
<col_header> Gold Medal </col_header> </avg_cell> ... <cell> Canada 
<col_header> Nation </col_header> <row_idx> 1 </row_idx> </cell> 
<cell> 3 <col_header> Gold Medal </col_header> <row_idx> 1 </row_idx> 
<max_rank> 1 </max_rank> <min_rank> 3 </min_rank> </cell> ... </table>

Input serialization

Figure 4.3: An example of input serialization in PLOG. The red-colored words
represent aggregation cells obtained via numerical pre-computation.
The green-colored words indicate the numerical ranks obtained via
numerical pre-computation.
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TaPas-Acc and TaPEx-Acc. For ContLog, we adopt the evaluation metrics of
Logic2Text: BLEU-4 and ROUGE-1/2/4/L to evaluate surface-level matching,
and use TaPEx-Acc and TaPas-Acc to evaluate the fidelity. The details of these
metrics are described in Section 2.2.2.

Models for Comparison

For LogicNLG, we compare our method with the following previous models:

1. BERT-TabGen [17], a pretrained generative model based on BERT, where
the input table is serialized into a sequence via a text template. Two variants
are built on BERT-base (sm) and BERT-large (lg), respectively.

2. GPT-TabGen [17], similarly to BERT-TabGen, but with GPT-2 as the base
model. Two variants adopt GPT-2-small (sm) and GPT-2-medium (med),
respectively.

3. GPT-Coarse-to-Fine [17], a coarse-to-fine generation model based on GPT-
TabGen. The difference is that the model first generates a masked template
of the target text, then realizes the template into the final surface form. The
templates are constructed via masking entities in the target text that can
be linked with the table. Two variants adopt GPT-2-small (sm) and GPT-
2-medium (med), respectively.

4. DCVED + GPT-TabGen [19], a de-confounded variational encoder-decoder
model with GPT-TabGen as the base model. It introduce a latent variable
as the mediator between the table and text.

We also include pretrained BART-large, T5-base and T5-large as the base-
lines models for both LogicNLG and ContLog, for which we adopt our data
preprocessing method introduced in Section 4.4. Our models are named PLOG
(BART-large), PLOG (T5-base) and PLOG (T5-large) when using differ-
ent backbones. We adopt the same input serialization strategy with numerical
pre-computation for BART, T5, and PLOG models.

Training Details

We conduct our main experiments based on Transformers [128] and PyTorch [89].
During training, the parameters of embedding layers of models are frozen. During
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inference, we adopt beam search with beam size 4 for all the experiments. We set
the maximum length as 500 and 200 for source and target sequences, respectively.
Each experiment was run only once because of the time cost. On LogicNLG,
model selection is based on the BLEU-3 score on the validation set, and on
ContLog, it is based on validation BLEU-4 scores. The selection of pretraining
checkpoints is based on the Execution Accuracy of generated logical forms on the
validation set of pretraining tasks.

The following are the hyperparameters for different model configurations. Dur-
ing finetuning, each pair of base model and the corresponding PLOG model share
the same hyperparameters for a fair comparison, while these hyperparameters are
tuned only with the base model.

T5-base and PLOG (T5-base) : Hyperparamters are the same for both
datasets.

• Optimizer: AdamW [71].

• Learning rate: 2 × 10−4 for pretraining and 1 × 10−5 for finetuning.

• Batch size: 5 for both pretraining and finetuning.

T5-large and PLOG (T5-large) : Hyperparamters are the same for both
datasets.

• Optimizer: AdaFactor [108].

• Learning rate: 2 × 10−4 for both pretraining and finetuning.

• Batch size: 10 (2×5 gradient accumulation steps, the same below) for both
pretraining and finetuning.

BART-large and PLOG (BART-large):

• Optimizer: AdaFactor for both datasets.

• Learning rate: 5 × 10−4 for pretraining on LogicNLG and 2 × 10−4 on
ContLog; 2 × 10−4 for finetuning on both datasets.

• Batch size: 256 (4× 64) for pretraining on LogicNLG and 32 (4 × 8) on
ContLog; 32 (4 × 8) for finetuning on both datasets.
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Model Surface-level Evaluation Logical Fidelity

BLEU-1 BLEU-2 BLEU-3 SP-Acc NLI-Acc TaPEx-Acc TaPas-Acc

BERT-TabGen (sm) 47.8 26.3 11.9 42.2 68.1 – –
BERT-TabGen (lg) 49.1 27.7 13.5 44.4 73.9 – –
GPT-TabGen (sm) 48.8 27.1 12.6 42.1 68.7 46.0 45.5
GPT-Coarse-to-Fine (sm) 46.6 26.8 13.3 42.7 72.2 44.6 45.6
GPT-TabGen (med) 49.6 28.2 14.2 44.7 74.6 – –
GPT-Coarse-to-Fine (med) 49.0 28.3 14.6 45.3 76.4 – –
DCVED + GPT-TabGen(sm) 49.5 28.6 15.3 43.9 76.9 – –

T5-base 52.6 32.6 19.3 48.2 80.4 52.4 56.2
PLOG (T5-base) 51.7 32.3 18.9 48.9 85.5 61.7 62.3

T5-large 53.4 34.1 20.4 48.4 85.9 65.5 66.2
PLOG (T5-large) 53.7 34.1 20.4 54.1 89.0 75.9 76.0

BART-large 54.5 34.6 20.6 49.6 85.4 63.3 67.1
PLOG (BART-large) 54.9 35.0 21.0 50.5 88.9 73.7 74.4

Table 4.4: The experimental results of different models on the test split of Log-
icNLG. The previous models adopt different sizes of PLMs as the
base model, including small (sm) models and medium-large models
(med/lg). For the previous models, we compute the TaPEx-Acc and
TaPas-Acc of the only two that have a released official output. We
compare each pair of base and PLOG models and mark the better
scores as bold.

Pretraining Details We pretrain our models on the collected table-to-logic
data and evaluate their Execution Accuracy on the validation set (pretraining
corpora) at an interval of a certain number of steps. We take the best pretraining
checkpoints to finetune them on downstream tasks. The pretraining is time-
consuming because of the large-scale pretraining data and models. For example,
it takes approximately 17 hours to train PLOG (T5-base) for one epoch on the
ContLog pretraining data, while it takes about five days to train one epoch of
PLOG (T5-large). Each experiment was done on a single NVIDIA V100 GPU.
We suppose the time cost can be reduced by using more GPU resources.

4.5.2 Automatic Evaluation
Table 4.4 presents the results on LogicNLG. We can observe that the BART and
T5 models with our preprocessing strategies outperform all the previous models
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Model
Surface-level Evaluation Logical Fidelity

BLEU-4 ROUGE-1 ROUGE-2 ROUGE-4 ROUGE-L TaPEx-Acc TaPas-Acc

T5-base 29.7 60.2 36.4 16.4 50.2 67.4 64.8
PLOG (T5-base) 30.4 61.4 37.3 16.8 51.4 78.3 74.0

T5-large 31.2 62.1 37.9 17.6 51.4 73.8 71.3
PLOG (T5-large) 31.7 62.3 38.3 17.6 52.0 81.9 76.8

BART-large 29.3 59.6 36.0 16.3 48.9 70.3 64.8
PLOG (BART-large) 32.1 63.2 39.2 18.1 53.0 85.9 82.0

Table 4.5: The experimental results of different models on the test split of Con-
tLog. We compare each pair of base and PLOG models and mark
the better scores as bold.

based on GPT-2 in terms of both surface-level metrics and logical fidelity scores.
We also observe that the PLOG models mostly outperform their base models
on BLEU scores while they can significantly improve the logical fidelity scores on
all the metrics. For example, PLOG (T5-large) improves the TaPEx-Acc and
TaPas-Acc over T5-large by an average of 10% accuracy. However, PLOG (T5-
base) achieves lower results on BLEU scores, possibly because of the uncontrol-
lable task setting of LogicNLG. LogicNLG does not provide highlighted cells,
so the potential space for content selection is usually very large. This makes mod-
els very likely to generate faithful sentences that describe different facts/contents
from the gold references, causing low BLEU scores. Moreover, BLEU is based
on local N-Gram matching which cannot capture the global faithfulness of gener-
ated sentences. Therefore, such surface-level metrics may not correlate well with
fidelity metrics.

The results on ContLog are shown in Table 4.5. As observed, PLOG models
outperform their base counterparts consistently on both surface-level and logical-
level metrics. This suggests that adding highlighted cells to narrow down the
scope of content selection is beneficial to more reliable evaluation. In addition, the
consistent improvements with different backbone models demonstrate the general
effectiveness of our approach. The reason for the improvements in BLEU and
ROUGE scores may be attributed to the fact that the table-to-logic pretraining
brings extra effects in improving the table understanding ability of the models.
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Model
LogicNLG ContLog

AVG ACC AVG ACC

T5-base 1.87 40.5% 2.15 58.0%
PLOG (T5-base) 1.84 40.0% 2.42 71.5%

T5-large 2.21 55.0% 2.42 70.5%
PLOG (T5-large) 2.41 66.0% 2.58 79.0%

BART-large 2.05 49.5% 2.12 56.5%
PLOG (BART-large) 2.39 67.5% 2.50 74.5%

Table 4.6: The human evaluation results of different models. AVG is the average
score while ACC means the accuracy of logical fidelity. The average
inter-annotator agreement is 0.82 when measured by Fleiss’ Kappa [35].

4.5.3 Human Evaluation
To further investigate whether the models can generate faithful sentences, we
perform a human evaluation on the outputs of BART, T5, and PLOG models.
Specifically, we randomly sample 200 examples from the test set of each dataset.
We hire three human annotators to rate each sentence a score in the discrete
range between 0 and 3, according to the criteria adopted in [17]:

• Non-sense (0): the sentence does not make sense, and people cannot under-
stand its meaning.

• Wrong (1): the sentence is overall fluent, but the logic it describes is false.

• Partially correct (2): the sentence describes multiple facts. At least one of
them is correct, but it still contains factual errors.

• Correct (3): the sentence is of high quality in both fluency and logical
correctness.

The model names are hidden from the annotators, and we collect their individual
results to summarize two scores for each model: (1) the average of their scores on
each sampled set; (2) the fidelity accuracy, i.e., the proportion of sentences scored
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Model
LogicNLG ContLog

Val Test Val Test

PLOG (BART-large) 49.47 49.85 59.67 61.73
PLOG (T5-base) 90.93 88.86 91.87 92.20
PLOG (T5-large) 93.77 92.23 93.33 93.13

Table 4.7: Experimental results of different PLOG models on the validation and
test sets of table-to-logic generation. The scores are reported as Exe-
cution Accuracy.

as correct2. The evaluation is only based on the context table without considering
gold references, because the generated sentences may not describe the same fact
as the references do but still present high quality in terms of fidelity and fluency.

As shown in Table 4.6, PLOG (T5-base) outperforms T5-base by a large mar-
gin on ContLog while it does not achieve superior results on LogicNLG,
which is inconsistent with automatic scores. However, PLOG (T5-large) and
PLOG (BART-large) achieve significant improvements over base models on both
datasets, showing an improvement consistent with the automatic metrics.

4.5.4 Table-to-Logic Results
We report the Execution Accuracy of our pretrained models on the table-to-logic
pretraining task in Table 4.7. As shown, PLOG (T5-base) and PLOG (T5-large)
present over 90% accuracy in generating correct logical forms, demonstrating that
table-to-logic pretraining indeed improves the model’s ability to derive accurate
logical facts. However, PLOG (BART-large) achieves much lower accuracy. We
analyzed the error cases of BART-large and found that over 90% of the errors
were caused by logical form parsing errors, i.e., the generated logic string cannot
be successfully parsed into a structurally correct logical form tree because of mis-
spelled function names and mismatched brackets. It seems BART-large performs
much worse than T5-base and T5-large at learning the structure of logic strings.
We suppose that incorporating grammar-guided decoding methods [121] may al-

2We take a vote on the three evaluators’ scores, i.e., a sentence is judged as correct if at least
two of them give a score of 3.
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Figure 4.4: Validation results of table-to-logic pretraining with T5-base and T5-
large as the backbones. The results of LogicNLG pretraining and
ContLog pretraining are shown at different intervals for better il-
lustration. The results within the first 160k steps are not computed.
The results of PLOG (BART-large) is not shown here due to the
unstable performance of BART-large in generated executable LFs.

leviate this problem, which we leave to future work. Surprisingly, this does not
affect the performance of PLOG (BART-large) on downstream tasks, showing
that the model still acquired beneficial knowledge through the pretraining. Fig-
ure 4.4 presents the trend of validation results of pretraining during the training
process. We can observe that the models achieve higher accuracy when trained
for more epochs.

4.5.5 Verification Experiments
To demonstrate the robustness of our models and the credibility of experimental
results, we conduct verification experiments for the experimental results on the
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Model
Surface-level Evaluation Logical Fidelity

BLEU-4 ROUGE-1 ROUGE-2 ROUGE-4 ROUGE-L TaPEx-Acc TaPas-Acc

T5-base 31.0 61.6 38.1 17.8 50.9 66.8 71.0
PLOG (T5-base) 31.8 63.0 39.3 18.4 52.7 77.6 74.9

T5-large 31.6 62.5 38.7 18.1 51.8 75.9 71.4
PLOG (T5-large) 31.9 63.8 39.2 18.0 52.6 83.1 78.8

BART-large 30.2 61.4 37.5 17.0 50.5 70.4 67.2
PLOG (BART-large) 32.1 63.7 39.7 18.3 53.1 83.1 78.3

Table 4.8: The verification results on the test split of ContLog. We rerun both
the pretraining and finetuning, and show an average of two runs on
the finetuning.

ContLog dataset in Section 4.5.2. We re-run the table-to-logic pretraining with
different hyperparamters3 and re-select the pretrained checkpoints for finetuning.
For finetuning both the base models and the PLOG models, we run two times of
experiments with different random seeds and report the average scores. Due to
the computational cost of pretraining large models, we early-stop the pretrain-
ing within only two epochs, leading to slightly lower results of PLOG models
on some metrics than the results in Table 4.5. However, the results of PLOG
models still surpass the base models by a large margin on fidelity, demonstrating
the robustness of our framework with varied pretrained checkpoints and hyper-
parameters.

4.5.6 Analysis on Different Logic Types
In ContLog, each target sentence belongs to a pre-defined logic type inherited
from Logic2Text, allowing us to analyze the performance of models on different
logical reasoning types. In Figure 4.5, we can observe that our PLOG models
generally improves the performance of their base models on most logic types,
especially on superlative and ordinal. The models perform closely on the unique
and majority types, but improvements still can be observed. However, we still ob-
serve a considerable amount of incorrect generations of all the models, suggesting
the potential room for improvement in the future. In particular, on comparative,

3This is a post-hoc experiment for reproduction and verification, so the experiments are done
on different devices compared to the original experiments.
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Figure 4.5: The human evaluation results of different models on the different logic
types of ContLog. The y-axis indicates the number of samples
scored as correct. Full indicates the number of samples of each logic
type in the 200 human evaluation samples.

superlative, count and ordinal types, there are more wrong generations.

4.5.7 Qualitative Examples
We further conduct a case study by showing some qualitative examples of model
generations. As presented in Figure 4.6, the base models without table-to-logic
pretraining are prone to factual errors in the generations. As can be observed in
Figure 4.6a, the models are expected to detect the correct ranks of the area (km
2) column and associate the ranks with corresponding countries. However, all the
base models fail to detect tana river as the country with the highest area. By
contrast, the PLOG models all produce faithful descriptions. PLOG (BART-
large) even describes a distinct fact from the others, which involves an ordinal
operation on the ranks. In Figure 4.6b, the example is even more difficult in that
the location attendance column contains mixed data types of both entities
and numerical values. The base models T5-base and BART-large have made
similar mistakes in misunderstanding the meaning of the attendance numbers.
T5-large fails to detect the highest attendance. The PLOG models all present
perfect faithfulness, while PLOG (BART-large)’s generation is less fluent than
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the others as it does not understand the role of Miami. This showcases the
difficulty of surface realization in logical NLG.

4.6 Comparison of Model Interfaces for Logical
NLG

To gain more insights about the difficulties of different interfaces of logical NLG
models, we conduct a comparative experiment of three model interfaces with
varying control features, including:

• No control: the input is the full table without any specification for the
generation.

• Highlighted cells: the input is a table with highlighted table cells.

• Logical forms: the input is a table and a logical form.

We use Logic2Text as the evaluation dataset, and for highlighted cells, we use
the annotation of ContLog. We finetune a T5-large model with the three inter-
faces, denoted as Table (T5), Table+HL (T5) and Table+LF (T5) in Table 4.9.
We also report the performance of using highlighted cells but with the pretrained
PLOG (T5-large) model as the basis (Table+HL (PLOG)). We can observe that
the interface with explicit LF control eases the generation and leads to the best
performance on both surface-level and fidelity metrics with the same model as the
other interfaces. By contrast, the table-only interface is the most difficult, lead-
ing to the lowest results, which can be attributed to the uncontrollable content
selection given only a table. The Table+HL interface (Table+HL (T5)) results
in a much better performance than the table-only interface but is obviously more
difficult than the LF-control interface.

The three interfaces are not fairly compared since additional supervisory sig-
nals are included in the control features. However, we can obtain insights into
the relationship between the controllability and the difficulty of the interfaces. In
real-world NLG applications, it is crucial to design appropriate interfaces for end
users. While LFs are superior in controllability and fidelity, they require expert
knowledge to construct beforehand. Therefore, this interface may be more ad-
equate as a submodule of surface realization, similar to the traditional pipeline
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Model interface
Surface-level Evaluation Logical Fidelity

BLEU-4 ROUGE-1 ROUGE-2 ROUGE-4 ROUGE-L TaPEx-Acc TaPas-Acc

Table (T5) 17.1 41.6 21.8 9.1 34.5 64.2 64.6
Table+HL (T5) 31.3 62.2 38.2 17.8 51.7 75.5 71.4
Table+LF (T5) 36.9 68.5 44.2 21.4 58.0 86.4 81.5
Table+HL (PLOG) 31.9 62.7 39.1 18.3 51.9 83.4 78.4

Table 4.9: Experiments on the comparison of model interfaces. HL indicates high-
lighted cells and LF means logical forms.

systems [8, 34], which is also the case for our approach in Chapter 3. By contrast,
our second approach, PLOG, solves logical NLG with the two interfaces without
explicit LFs, implying its applicability to more general cases. As observed in Ta-
ble 4.9, the performance of Table+HL (PLOG) shows a comparable performance
on faithfulness scores with the Table+LF (T5) interface. This indicates that our
approach can significantly improve the logical reasoning ability of PLMs, leading
to a close effect to that of leveraging ground-truth LFs.

There still exists a large gap between these interfaces and real-word NLG sys-
tems, where manually designed modules may still be necessary to convey accurate
user intentions. We leave the investigation to more usable logical NLG systems
for future work.

4.7 Summary
In this chapter, we introduce the second approach, augmenting LFs for im-
plict task transfer learning. We propose a table-to-logic pretraining task to
enhance the fidelity of logical table-to-text generation and a PLOG model to
transfer the knowledge learned from table-to-logic to the table-to-text task. In
addition, we constructed a controlled logical NLG dataset by re-purposing the
Logic2Text dataset. To realize the pretraining on large-scale corpora, we pro-
posed a template-based sampling method to extract accurate logical forms from
tables automatically. With table-to-logic pretraining, our table-to-text model
could significantly improve logical fidelity. The results on table-to-logic genera-
tion quantitatively demonstrate the model’s ability to reason over tables. Further
analyses have shown the robustness of our model and its general effectiveness
with different backbones. We also conduct a comparative analysis on the effects
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of model interfaces, to lay the ground for future works towards more reliable and
applicable systems.

87



code county former 
province

area (km 2) population census 
2009

capital

1 mombasa coast 212.5 939370 mombasa (city)
2 kwale coast 8270.3 649931 kwale
3 kilifi coast 12245.9 1109735 kilifi
4 tana river coast 35375.8 240075 hola

5 lamu coast 6497.7 101539 lamu
6 taita - taveta coast 17083.9 284657 voi

Title: coast province

Gold: Tana river is the county in coast province with the highest area in square kilometers.

T5-base: Kwale county has the highest area of any county in the coast province.
PLOG (T5-base):  Tana river has the most square kilometers of area in the coast province.

T5-large: Mombasa county has the highest area in the coast province.
PLOG (T5-large): Tana river is the county with the highest area ( km 2 ) in the coast province.

BART-base: Kilifi has the highest area ( km 2 ) in the coast province .
PLOG (BART-base) : Kilifi county has the third largest area of any of the counties in coast province .

(a) An example of ContLog. The yellow-colored cells are highlighted cells.

game team location attendance
75 philadelphia wells fargo center 16695
76 miami prudential center 18711
77 minnesota prudential center 13461
78 detroit the palace of auburn hills 14554
79 new york prudential center 18023
80 toronto air canada centre 17755

81 charlotte prudential center 13853 

Title: 2010 – 11 new jersey nets season

Gold: The most highly attended Attendance game was against Miami at the Prudential Center.

T5-base: The New Jersey Net played against New York at Prudential Center 18023 and Air Canada Centre 17755.
PLOG (T5-base): The lowest Attendance for a game was 13461, against Minnesota.

T5-large: The game with the highest Attendance was against Minnesota at Prudential Center.
PLOG (T5-large): The game with the highest Attendance was a home game versus Miami.

BART-large: the New Jersey Net played against Miami at the Prudential Center and won by 18711 point.
PLOG (BART-large): Miami had the highest Attendance at the Prudential Center.

(b) An example of LogicNLG. Some irrelevant columns are removed for illustration.

Figure 4.6: Qualitative examples of two datasets. The red color indicates incor-
rect facts while the blue color indicates correct facts.
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5 Conclusion

This research presented two unique approaches aimed at boosting the faithful-
ness of logical natural language generation (NLG) from structured tables by using
augmented logical forms (LFs). Both methods were designed to tackle the key
challenges in logical NLG: the difficulty in learning an end-to-end model for joint
logical reasoning and surface realization, and the scarcity of training data. Nev-
ertheless, they use LFs differently, leading to different model interfaces and task
settings. As such, they concentrate on distinct facets of logical NLG’s difficulties.

Our first method employs LFs as explicit control features to guide text genera-
tion. The model’s input includes both a table and an LF, with the latter offering
a complete logical fact for description. This strategy relieves the model from the
necessity of logical reasoning over the table, thereby allowing it to primarily focus
on transforming the LF into natural language. To counterbalance the shortage
of aligned LFs and texts, this method augments additional LFs and texts from
existing tables using pretrained table-to-text and table-to-LF generators. A semi-
supervised dual learning framework is then proposed to convert these new LFs
and texts into parallel data. The effectiveness of this approach is demonstrated
through experimental results using the GPT-2 pretrained language model as the
base model.

Conversely, the second method addresses table-to-text generation without ex-
plicit LF control. Its input is solely a table or a partial table, necessitating logical
reasoning for the model. This method does not demand LF-text alignment, and
instead uses LFs as pretraining resources for task transfer learning. Specifically,
a pretraining task, table-to-logic, involving correct LF generation from a table
is proposed. The model is first pretrained on this task, then finetuned on the
logical NLG task. This framework can be applied to any sequence-to-sequence
generation models, and we utilized multiple pretrained language models to as-
sess our method. To provide a better testbed for logical NLG, we introduced
a controlled logical NLG benchmark equipped with annotated highlighted table
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cells as control features. Experimental results have proven that the table-to-logic
pretraining enriches the models with superior logical reasoning capabilities over
tables and improves their faithfulness on two logical NLG benchmarks. The reli-
ability of this method is confirmed through its general effectiveness with several
base models. Moreover, experimental results on the table-to-logic task proved
that the models indeed learn accurate logical reasoning through the pretraining.

The first approach effectively augments data logical NLG but is limited to cases
where parallel data of LFs and texts are readily available. However, such data
might be scarce in some domains, especially in real-world scenarios. In addition,
providing such LFs already involves extracting correct logical facts via logical
reasoning, which is not required for the model. Therefore, the first approach
mainly addresses the surface realization part of logical NLG. By contrast, the
second approach addresses the challenges in both logical reasoning and surface
realization, with a focus on the former. In essence, the two approaches have
shown two parallel directions for improving logical NLG.

Motivated by this, we further conduct a comparative analysis of the different
model interfaces and task settings of logical NLG. Specifically, we analyzed the
effects of using different control features in the model input, including LFs, high-
lighted cells, and no control feature. The LF-controlled variant is the same as the
task setting addressed by approach 1, while the latter two are addressed by ap-
proach 2. We use the same dataset but vary the control features to compare the
same model’s performance. Experimental results revealed that a model can per-
form the best with LF control, showing the simplicity of this task setting. Using
highlighted cells achieved moderate results, but the performance would degrade
significantly if no control is specified, showing the difficulty of model interfaces
without LF control. However, LFs may not be appropriate as a direct control
specified by end users in real-world applications, because of the domain knowledge
required for deriving a correct logical fact. Therefore, the LF-controlled interface
is more potential for a sub-module of an NLG system. In contrast, with no con-
trol features alongside the input table, the model would suffer from uncontrollable
content selection. Under this setting, the preference for describing facts can only
be learned from the target texts, leading to varied and unpredictable generations.
Therefore, highlighted cells seem a compromising control feature that enhances
the controllability but allows easy specification. The analysis of the interfaces of
logical NLG may inspire future studies on more applicable systems.
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Finally, we discuss the limitations of this study and potential future directions.
More realistic table types This study only considers the NLG from open-

domain Wikipedia tables, which are typically multi-row database-like tables. The
contents in the tables are mostly attributes of certain items, e.g., numerical values,
dates, or entities. However, real-world tables are often heterogenous, which store
data with different data types or structures within the same table. Addressing this
kind of table poses challenges for data manipulation and information extraction,
which are worthy of future investigation.

Extend the scope of logical reasoning The types of logic considered in this
study are limited to the most common symbolic operations on tables. In other
domains, such as financial and medical, the required reasoning types may be out
of the scope of this study. Generalizing the reasoning types to other domains may
be achievable by expanding the logical form schema to support new operations.

Document-level logical NLG This study only addresses sentence-level gen-
eration, while the advanced goal of NLG is to generate document-level summaries
or reports. This poses additional challenges for document planning, which in-
volves more difficult content determination and information organization across
sentences. Prior studies [116, 79] have investigated reasoning-aware generation
from scientific tables, which involves mostly arithmetic reasoning. A recent
study [38] also explores the generation of analytical text with multiple reasoning
types. We anticipate more studies on this direction.

Effects of large language models This study follows a common pipeline
to address NLG, that is, finetuning pretrained models on large-scale in-domain
data. However, the recent boost of large language models (LLMs) containing
over hundreds of billions of parameters has promoted a new research paradigm
to solve NLG, i.e., zero-shot or few-shot prompting with LLMs, where the model
receives a task description and zero or only a few examples. The chain-of-thought
prompting [122, 18] further improves the reasoning ability of LLMs. A concur-
rent study [139] has evaluated the performance of LLMs such as ChatGPT on the
LogicNLG dataset, the results showing that the latest GPT-4 version of Chat-
GPT can achieve over 90% faithfulness with chain-of-thought prompting, which is
beyond the performance of finetuning small-size PLMs as proposed in this study.
Our approach is still competitive with the lower cost and much smaller model
size. In fact, the second approach in this study encompasses one of the core ideas
of ChatGPT, i.e., pretraining on formal language to enhance reasoning ability in
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NLP tasks. How to balance the cost and effects of models must be considered
for real-world applications. One potential direction may be model distillation to
augment the small-size models with LLMs [41].
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