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Abstract. Extracting logic knowledge is an important part of natural language understanding. This
study introduces a new dataset for the purpose of measuring the model's ability to transfer natural
language to logic form. Since logic represents how various concepts infer and reason from/to each
other, it is essential to learn logical structure in any form of language while trying to comprehend its
meaning of it. There have recently been many interests in deploying machine learning and deep
learning methods for extracting logical knowledge and representing logic from natural language. The
promising generative model that applied to recent sequence labeling work is used in the task of
representing logic. Experiments have shown that generative methods can extract logic form from
natural language texts. To be more specific, a sequence-to-sequence model is quite a convenient
option when it deals with extraction tasks. The model provided in this study would be inspiring for
future studies to work out more efficient solutions.
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1. Introduction

Logic representation is the task of transferring normal texts to a well-structured logical form, which
is a sub-task in the field of semantic parsing [1, 2]. Since logic represents how various concepts infer
and reason from/to each other, it is essential to learn logical structure in any form of language while
trying to comprehend its meaning of it. There have recently been many interests in deploying machine
learning and deep learning methods for extracting logical knowledge and representing logic from
natural language, the main progress presented in Section 3 [3]. Many previous systems rely on
encoder-decoder architecture to bridge natural language and logical forms [4]. In this study, a more
complicated generative sequence labeling structure is used to derive a better performance on the task.

Sequence labeling tasks such as named entity recognition and relation extraction infer entity spans
and types in texts and extract the relations between them [5, 6]. This study adapts generative methods
which have been successfully applied to sequence labeling to the task of logic representation [7].
Different from previous works, the task of logic representation is converted to the task of extracting
logical relations among recognized logical entities. The study also introduces a new dataset TREF
that can be applied to measure the performance of logic representation methods.

Results of experiments demonstrate that the generative methods are competitive for the task of
extracting logic form from texts. And since there are few corpus and benchmarks for the task, this
study also contributes a new benchmark that is available for further research.

2. Logic Representation

2.1 The First-order Logic Variant

The logic presented in this paper is a variant of the first-order logic with:

An infinite set of variables is often denoted with lowercase letters such as (g,, 9;, 9s» Gur -+ G»)-

Predicates with n-valence (n = 0) representing relations between n variables or functions,
denoted with uppercase letters like P(x) and Q(x,y).

Functions with n-valence(n € {0,1,2}) denoted with function symbols f(x,,x,). Particularly,
nullary functions are regarded as constants.
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Logical connectives include unary connective negation — and binary connectives conjunction A,
disjunction V, conditional —, and biconditional .

Quantifiers include universal quantification v and existential quantification 3.

The equality symbol = represents the equality between two elements.

2.2 Representing Logic from Natural Language

The procedure of representing logical expressions from natural language through logical symbols
and variables is symbolization [8].

The concept of symbolization lies back in Frege who first introduced quantification, and Peano
interpreted logic as propositions and classes composed under certain principles [9, 10]. And the
concept of symbolic logic is first represented in Principia Mathematica, where Russell introduced a
set of axioms [11, 12]. Later Church clarified and assigned all variables to an r-type, which
constrained strictly on the types of variables [13]. On the contrary, Quine gave an objection to this
denotation that he argued that the clarification of r-types relies on the definition of the variables, but
may also bounded to thr higher-order variables, which indicates that there is an unmeasurable gap
between the semantic interpretation of the notion of propositional function and the natural language
expressions of the variables involved in their definition [14].

It is reasonable to symbolize:

I went to the garden as Harry did yesterday. (1)
as
G@,9) NG(hg,) A (9 =9) (2)
However, sentence (1) is apparently not aligned to (2) as there are different quantities of variables.
Looking into the process, the sentence is most likely converted to
1 went to the garden today and Harry went to the garden yesterday and the garden I went to is
identical to the garden that Harry went to. 3)
first where extra modules such as names (I, Harry) and actions (went to, are identical to) are added
to make the expression complete. Then, all the logic modules are projected to logic variables thus
making up (2).

2.3 Logic and Prior Knowledge

The example in 2.2 has thrown two potential problems: How to clarify the semantic consistency
e.g., the meaning of “as Harry did” is identical to” and Harry went to the garden yesterday...”; How
to pick the most proper projection e.g. project “went to” as a relational predicate between names “I”
and “garden” rather than a function “went to the garden”. The solution leads to prior knowledge.
Unlike the concept of action prediction, the prior knowledge in this study is seen as empirical
linguistic results. The language models have shown that the meaning of words can be defined by their
surroundings, and so is logic. Suppose there is a large corpus that can contain all the text language
expressions, and find the expression "as someone did" means repeating the action that is already
mentioned in most cases, then it shall be confident about the consistency between “as Harry did”
and” ...and Harry went to the garden yesterday...” in (1) and (3). The concept of prior knowledge
may be defined as frequency and sensitivity but generally a consequence of them, as it also contains
lexical and grammatical restrictions [6, 8].

Therefore, the flow of symbolization can be interpreted as compositions of logic modules, and on
modulating logic expressions, the symbolization of natural language turns out to be a probabilistic
problem.

3. Related Works

The problem is closely related to the research of semantic parsing and the model presented in this
paper is of generative sequence-to-sequence architecture with neural networks.
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The problem of learning logical information and parsing it can be dated back to Woods [15].
Researchers have come up with various modeling strategies. Researches include the use of parsing
models, inductive logic reasoning, and grammar inspection [16-18]. These strategies are lexicon-
based, manual-linguistic based, or domain-specific. Universal logic representations are proposed
recently in tasks of building knowledge graphs, promoting question-answering systems, and natural
language inference [19, 20].

This study gets inspiration from reasoning logic in knowledge graph and builds a sequence labeling
model to present the logic expression. The sequence-to-sequence neural network framework this
study adopts has been succeeded in other NLP fields such as semantic parsing, machine translation,
and question answering [21]. Moreover, generative approaches based on a sequence-to-sequence
framework have been proven to progress in most tasks above [22]. Our model works on generative
sequence-to-sequence methods on logic representations. The main difference between this study to
previous ones is that this study focuses on relating logic symbolization with sequence labeling, and
this study shows it is competitive to consider symbolizing logic as entity and relation prediction.

4. The Method
4.1 Problem Objective

The research aims to modulize the prior knowledge, which maps natural language sequence t =
X, ..X,, n= |t| first to logically complete sequence [ = y,..y,, m = |l| then to a symbolic

A,

representation a = z, ..z,, k = |al. The conditional probability p(t) is:
p(t) = L, p(Z1-2zis) ) - T p(y1 ...y}._l,t) 4)
The method includes a sequence-to-sequence model which encodes input ¢ to vector space and
decides to generate rewrite sequence / conditioned on the encoding vector, as well as a projection
model which converts rewrite sequence / to symbolic representation z, ..z, in a graph structure.

input sentence

BART . I [ ) ;
i decoding parse symbolic representation
encoding parser ’——b (seq2seq) _>| ing parser y ic repr i
[ pairs of logic modules
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| \
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\ hops I
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\ /
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Fig. 1 Overview of the model

4.2 A Generative Method

Considering the task as a sequence labeling task, the symbolization task is treated as a combination
of entity extraction and relation extraction. Given a sentence, logic modules are detected as entities
in pairs. Relationships between the pairs of entities are then identified to show whether it is a unary
function (predicate), a binary function, a logic connective, or an equation.

This study uses the generative model in Ni et al. for relation extraction and classification tasks. In
Figure 1, the general view of the model is shown. An input sequence is encoded to a source sequence
with its pairs of logic modules via an encoding parser. Then, the source sequence is passed to a
sequence-to-sequence model to produce a target sequence containing relations and their types. Finally,
a target parser is used to formulate a standard symbolic representation based on the entity-relation
triples.

4.2.1 Entity-Relation Triples

In the task of relation extraction, an entity-relation triple is in the order of “subject, relation, object”.
Under the logic symbolization task, this study modified the triple to get a better fit. This study
demonstrates the details of the modifications in this and the next section.
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Let sentence t = x,..x, with n tokens. Let s = x,..x,, and 0 = x,,..x,, be a pair of
variables in the sentence, where s is the main variable and o is the sub-variable which can be set
empty. To define the margin, this study use entity begins (<st>) and end (</st>) markers to encode
the location information of the variables. As there are no entity types, this study removes the type
markers but preserves the direction subsequence to highlight the main variable.

Let R = {(rn,rt)) ... (rn,, rt,) }be the predefined relation sets. Each element of the set consists
of the relation name rn and the relation type rk where rk is in {c,n,r,i,p,u,q} denoting
conjunction, negation, binary-function, conditional, unary-function, disjunction, and equation
respectively. The relation name of conjunction, negation, conditional, disjunction, and equation is set
to null. Therefore, the encoding of the source sequence is concatenated with 1) marked sentence
tokens, 2) direction sub-sequence and 3) relation pairs.

As for the target sequence, this study uses a similar triple structure with the order "main variable,
sub-variable, relation" :

tar =[s|o]|r(s,0)] (5)

4.2.2 Dealing with logic hops

Most sentences are composed of logic hops, which indicates that the symbolization is more
complicated than a simple (variable, variable, relation) triple but a backbone triple (main logic module,
sub-module, relation) where each logic module is represented by either a single variable or a sub-
triple of logic. Li used a sequence-to-tree method to recognize the hops, and this study deployed a
similar recurrence method to denote the structure [23]. Instead of the variable tokens shown in 4.2.1,
all the entities are split into two entity clusters to form the backbone triple. For each cluster, the
entities are split recursively to form sub-triples until the size of the cluster is 1. The entity begin and
end markers are also labeled with rank to clarify the hop e.g. <sh1> and </sh1> mark the start and
the end location of the backbone hop.

4.2.3 Sequence-to-Sequence model

This study applies a pretrained sequence-to-sequence model BART to bridge between the source
and the target sequence [24]. The BART model is based on the Transformer architecture composed
of a multi-bidirectional encoder and a multi-autoregressive decoder. The model has reached state-of-
the-art performance on relation extraction tasks. This study modifies the training data as described in
the following section and fine-tunes the pre-trained model for logic form generation.

5. Experiments

5.1 Datasets

TREF is a sequence labeling corpus that contains 1000 queries to a database of Australian
geography and traveling feedback [25]. TREF has 1000 instances that are unsplit. This study modifies
and uses 343 instances of the corpus, with 321 instances as training examples and 22 as test sets.

5.2 Experiment Setup

This study builds and deploys the model based on the GREC on top of the BART model, with
Hugging Face’s PyTorch. Regarding the size of the training data, this study chose the base model.
The optimizer of the model is Adam with a learning rate of 1e — 5. The experiment is conducted on
a single V100 GPU with 10 epochs.

5.3 Results

This section firstly demonstrates the general output performance of the model on TREF, then
discusses detailed performance on different logic hops. Table 1 presents the performance of full
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models based on two pre-trained models with different amounts of parameters and one variant, which
flattened all the entity-type labels to a concatenation of logic types and entity names.
Table 1. Scores on the dev set

Model P R F1
Bart-base 62.3 68.1 65.5
Bart-base 59.8 67.2 63.6

with flattened r-type
Bart-large 63.1 68.8 66.2

Overall, the model that is trained on Bart-large is superior to the one trained on Bart-base. This is
to be expected since Bart-large has more parameters and thus catches better features. The difference
is smaller than expected, however, which may be accounted for by the small size of the corpus,
making it difficult for large pre-trained models to catch more lexical features. The model trained on
Bart-base with flattened r-type fails to outperform the one trained on Bart-base with a 1.9% lower
score. The reason lies in the fact that flattening type labels results in the reduction of samples in each
label. To make the model learn sufficient knowledge, it is better to reduce the labels and supplement
with a similarity search.

Table 2. Performance of the model with different hops

hops h P R F1

h <=2 84.3 87.8 85.2
2<=h<=4 62.1 63.3 62.9

h>4 43.0 55.4 49.7

For different hops, we analyze the result of the model trained on Bart-base. Table 2 shows that the
performance of the model falls rapidly while logic hops are added. The result corresponds to the
experiments by Li that indicates sentences with longer lengths are more difficult to get correct logic
forms [25]. The decline is caused by the sophistication of logic structure with large hops, which raises
the difficulty in clarifying the span margins of different logic modules [26]. The decline may also be
caused by the ambiguity between logic hops since first-order logic is unable to cover all logic
structures in natural language [27].

6. Conclusion

This study adapts generative methods which have been successfully applied to sequence labeling
to the task of logic representation. Different from previous works, the task of logic representation is
converted to the task of extracting logical relations among recognized logical entities. The study also
introduces a new dataset TREF that can be applied to measure the performance of logic representation
methods. This paper presents a generative sequence-to-sequence model for transferring natural
language to logic forms. The study shows it is competitive to consider symbolizing logic as sequence
labeling tasks such as entity and relation extraction. Further work will concentrate on larger domains
and corpora to continually experiment with the performance of generative methods in representing
logic.
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