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Abstract

Recent years have witnessed an increasing interest in train-
ing machines with reasoning ability, which deeply relies on
accurately and clearly presented clue forms. The clues are
usually modeled as entity-aware knowledge in existing stud-
ies. However, those entity-aware clues are primarily focused
on commonsense, making them insufficient for tasks that re-
quire knowledge of temporary facts or events, particularly
in logical reasoning for reading comprehension. To address
this challenge, we are motivated to cover both commonsense
and temporary knowledge clues hierarchically. Specifically,
we propose a general formalism of knowledge units by ex-
tracting backbone constituents of the sentence, such as the
subject-verb-object formed “facts”. We then construct a su-
pergraph on top of the fact units, allowing for the benefit of
sentence-level (relations among fact groups) and entity-level
interactions (concepts or actions inside a fact). Experimental
results on logical reasoning benchmarks and dialogue mod-
eling datasets show that our approach improves the baselines
substantially, and it is general across backbone models. Code
is available at https://github.com/ozyyshr/FocalReasoner.

Introduction

Training machines to understand human languages is a long-
standing goal of artificial intelligence (Hermann et al. 2015),
with a wide range of application scenarios such as question-
answering and dialogue systems. As a well-established task,
machine reading comprehension (MRC) has attracted re-
search interest for a long time. MRC challenges machines
to answer questions based on a referenced passage. (Chen,
Bolton, and Manning 2016a; Sachan and Xing 2016; Seo
et al. 2017; Dhingra et al. 2017; Cui et al. 2017; Song et al.
2018; Hu et al. 2019; Zhang et al. 2020; Back et al. 2020;
Zhang, Yang, and Zhao 2020). There has been remarkable
progress in MRC, with human-parity benchmark results re-
ported in examination-style MRC datasets like SQuAD (Ra-
jpurkar, Jia, and Liang 2018) and RACE (Lai et al. 2017).
However, the extent to which systems have grasped the re-
quired knowledge and reading comprehension skills remains
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a concern (Sugawara et al. 2020). A recent trend is to de-
compose comprehension ability into a collection of skills,
such as span extraction, numerical reasoning, commonsense
reasoning, and logical reasoning. Among these tasks, logical
reasoning MRC has shown to be particularly challenging. It
requires the machine to examine, analyze and critically eval-
uate arguments based on the relationships of facts that occur
in ordinary languages, instead of simple pattern matching as
focused in earlier studies (Lai et al. 2021). ReClor (Yu et al.
2020) and LogiQA (Liu et al. 2020) are two representative
datasets introduced to promote the development of logical
reasoning in MRC, where their questions (Figure 1) are se-
lected from standardized exams such as GMAT and LSAT!.

Recent studies typically exploit a pre-trained language
model (PLM) as a key encoder for effective contextualized
representation. However, according to diagnostic tests (Et-
tinger 2020; Rogers, Kovaleva, and Rumshisky 2020), PLMs
like BERT (Devlin et al. 2019), despite encoding syntactic
and semantic information through large-scale pre-training,
they tend to struggle with understanding role reversal and
pragmatic inference, as well as role-based event knowledge.
Therefore, studies show that PLMs perform poorly in logi-
cal reasoning MRC tasks (Yu et al. 2020; Liu et al. 2020),
as the supervision required for these tasks is rarely available
during pre-training.

Following the research trend of previous reasoning tasks
such as commonsense reasoning, a natural interest is to
model the entity-aware relationships (e.g., isA or hasA pred-
icates) in the passages using graph networks (Yasunaga et al.
2021; Ren and Leskovec 2020; Huang et al. 2021; Krishna,
Summers, and Wies 2020; Lv et al. 2020). However, for
tasks like logical reasoning of text that involve deductive/in-
ductive/abductive reasoning (Reichertz 2004), the text usu-
ally contains hypothetical conditions that cannot be repre-
sented solely by commonsense knowledge. Therefore, these
methods may insufficiently capture necessary logical units
for inducing answers, since they paay little attention to non-
entity, non-commonsense clues (Zhong et al. 2021). Re-
ferring to example 2 in Figure 1, previous methods may
only consider commonsense knowledge such as “Earth is a
planet”, without considering the temporary fact? like “comet

"https://en.wikipedia.org/wiki/Law_School_Admission_Test
2A fact can be seen as an observed event (Peterson 1997).
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Question Passage Answer

| Example 11 Xiao Wang is taller than Xiao Li, v/ A. Xiao Liis than Xiao Zhao.

oo * Xiao Zhao is than Xiao Qian, B. Xiao Wang is than Xiao Zhao.

From this we Xiao Liis than Xiao Sun, and C. Xiao Sun'is than Xiao Wang
Xiao Sun is than Xiao Qian. D. Xiao Sun is than Xiao Zhao.

.... A'large enough comet
with Earth could have
of dust that

and
to

Which one of the follow-
ing statements, most seriously
the argument?

a cloud

the planet
the climate long enough
in the dinosaurs’ demise.

B. It cannot be determined from dinosaur skeletons whether
the animals died from the effects of a dust cloud.

C. The consequences for vegetation and animals of a comet
colliding with Earth are not fully understood.

v

Figure 1: Two examples from LogiQA and ReClor respectively are illustrated. There are arguments and relations between
arguments emphasized by different colors. Keywords in questions and key options are highlighted in purple and gray.

caused dust”.

To mitigate the challenge, we are motivated to bridge
the gap between commonsense and temporary knowledge.
First, we propose a general formalism of knowledge units
by extracting backbone constituents of sentences such as the
subject-verb-object formed “facts”. We then develop the
FOCAL REASONER, a fact-driven logical reasoning model,
which builds supergraphs on top of these fact units. This ap-
proach not only captures the entity-level relations inside a
fact unit within supernodes, but also enhances information
flow among fact units at the sentence level through holistic
supergraph modeling.

Our model is evaluated on two challenging logical
reasoning benchmarks including ReClor(Yu et al. 2020),
LogiQA(Liu et al. 2020), and one dialogue reasoning dataset
Mutual, for verifying the effectiveness and the generalizabil-
ity across different domains and question formats. To sum
up, our contributions are three folds:

(i) We propose a general formalism to support represent-
ing logic units using backbone constituents of the sentences,
as fine-grained knowledge carriers for logical reasoning.

(i) We design a hierarchical fact-driven approach to con-
struct a supergraph on top of our newly defined fact units.
It models both the sentence-level (relations among fact
groups) and entity-level (concepts or actions inside a fact)
interactions.

(iii) Empirical studies verify the general effectiveness of
our method on logical reasoning for QA and dialogues, with
dramatically superior results over baselines. Analysis shows
that our method can uncover complex logical structures with
supergraph modeling on fact units.

Related Work

From Machine Reading Comprehension to
Reasoning

Recent years have witnessed massive research on Machine
Reading Comprehension (MRC) whose goal is training ma-
chines to understand human languages, which has become

3The definition follows Nakashole and Mitchell (2014). For ex-
ample, those units may reflect the facts of who did what to whom,
or who is what.
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one of the most important areas of NLP (Chen, Bolton, and
Manning 2016a; Sachan and Xing 2016; Seo et al. 2017;
Dhingra et al. 2017; Cui et al. 2017; Song et al. 2018; Hu
et al. 2019; Zhang et al. 2020; Back et al. 2020; Zhang,
Yang, and Zhao 2020). Despite the success of MRC models
on various datasets such as CNN/Daily Mail (Hermann et al.
2015), SQuAD (Rajpurkar, Jia, and Liang 2018), RACE (Lai
et al. 2017) and so on, researchers began to rethink what ex-
tent does the problem been solved. Nowadays, there is mas-
sive research into the reasoning ability of machines. Accord-
ing to (Kaushik and Lipton 2018; Zhou et al. 2020; Chen,
Bolton, and Manning 2016b), reasoning abilities can be
broadly categorized into (i) commonsense reasoning (Davis
and Marcus 2015; Bhagavatula et al. 2019; Talmor et al.
2019; Huang et al. 2019); (ii) numerical reasoning (Dua
et al. 2019); (iii) multi-hop reasoning (Yang et al. 2018)
and (iv) logical reasoning (Yu et al. 2020; Liu et al. 2020),
among which logical reasoning is essential in human intelli-
gence but has merely been delved into. Natural Language In-
ference (NLI) (Bowman et al. 2015; Williams, Nangia, and
Bowman 2018; Nie et al. 2020) is a task closely related to
logical reasoning. However, it has two obvious drawbacks
in measuring logical reasoning abilities. One is that it only
has three logical types which are entailment, contradiction
and neutral. The other is its limitation on sentence-level rea-
soning. Hence, it is important for comprehensive and deeper
logical reasoning abilities.

Logical Reasoning of Text

Neural and symbolic approaches have been explored in log-
ical reasoning of text (Garcez et al. 2015, 2022; Ren and
Leskovec 2020). Compared with neural methods, symbolic
ones such as (Wang et al. 2021) heavily rely on data-specific
patterns that are pre- and manually defined. It also suffers
from error propagation and unscalable searching spaces. Our
method is more related to the neural research line.

As shown in Table 1, our work mainly differs from previ-
ous work in knowledge format and modeling. Huang et al.
(2021) uses discourse relations and designs the discourse-
aware graph network to help logical reasoning. HGN (Chen,
Zhang, and Zhao 2022) further leverages key phrases to
build both inter-sentence and intra-sentence interactions in
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Model Knowledge Format Modeling Method Entity-level Sentence-level
LReasoner (Wang et al. 2021) entities manual rules/executor v X
DAGN (Huang et al. 2021) EDUs graph X v
HGN (Chen, Zhang, and Zhao 2022) EDUs and phrases graph X v
MERIt (Jiao et al. 2022) entities graph v X
Ours fact units supergraph v v

Table 1: Comparison between our approach FOCAL REASONER and previous methods on different aspects.

the context. The most recent work MERIt (Jiao et al. 2022)
builds meta paths among logical variables (consists of enti-
ties and phrases) to model the logical relations. For knowl-
edge formats, our proposed fact units can better represent
both commonsense knowledge and temporary knowledge
existing in the context. Previous methods either use elemen-
tary discourse units (EDUs) or phrases for temporary knowl-
edge only or named entities to represent “isA”/“hasA” for
commonsense knowledge only. For modeling methods, FO-
CAL REASONER is able to jointly model sentence-level and
entity-level interactions via supergraphs, whereas previous
methods capture either entity-level or sentence-level infor-
mation with simple graph networks.

Methodology

This section presents our fact-driven approach, FOCAL
REASONER. The overall architecture is shown in Figure 2.
FocAL REASONER consists of three stages. Firstly, it ex-
tracts fact units from raw texts via syntactic processing and
constructs a supergraph. Then, it performs reasoning over
the supergraph along with a logical fact regularization. Fi-
nally, it aggregates the learned representation to decode the
right answer.

Fact Unit Extraction and Supergraph Construction

Fact Unit Extraction. The first step is to fetch triplets
that constitute a fact unit. To keep the framework generic,
we use a fairly simple fact unit extractor based on syntactic
relations. Given a context consisting of multiple sentences,
we first conduct dependency parsing on each sentence using
off-the-shelf tools like SpaCy (Honnibal and Montani 2017).
After that, we extract the subject, the predicate, and the ob-
ject tokens to get the “Argument-Predicate-Argument” fact
units corresponding to each sentence in the context.

Supergraph Construction. With the obtained fact units,
we construct a super graph as shown in Figure 3. Con-
cretely, the fact units are organized in the form of Levi
graph (Levi 1942), which turns arguments and predicates
all into nodes. An original fact unit is in the form of F' =
(V,E, R), where V is the set of the arguments, E is the
set of edges connected between arguments, and R is the
relations of each edge which are predicates here. The cor-
responding Levi graph is denoted as F; = (Vi, Er, Ry)
where V, = V U R, which makes the originally directly
connected arguments be intermediately connected via re-
lations. E is the edges connected between Vi. As for
Ry, previous works such as (Marcheggiani and Titov 2017;
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Beck, Haffari, and Cohn 2018) designed three types of edges
Ry, = {default, reverse, self} to enhance information flow.
Here in our settings, we extend it into five types: default-
in, default-out, reverse-in, reverse-out, self, corresponding
to the directions of edges towards the predicates.

We construct the supergraph by making connections be-
tween fact units Fj. In particular, we take three strategies
according to global information, identical concept, and co-
reference information:

(i) We add a node V, initialized with the question-option
representation and connect it to all the fact unit nodes. The
edge type is set as aggregate for better interaction.

(i1) There can be identical mentions in different sentences,
resulting in repeated nodes in fact units. We connect nodes
corresponding to the same non-pronoun arguments by edges
with edge type same.

(iii) We conduct co-reference resolution on context using
an off-to-shelf model* in order to identify arguments in fact
units that refer to the same one. We add edges with type
coref between them. The final supergraph is denoted as S =
(F; UV,, Ey) where Ej is the set of edges added with the
previous three strategies.

Reasoning Process

Graph Reasoning. A natural way to model the su-
pergraph is via Relational Graph Convolution Networks
(Schlichtkrull et al. 2018). For a multiple-choice logical rea-
soning problem that consists of a context (C'), a question
(@) and an option (O), we first concatenate C, ), and O to
form the input sequence. Then, the input sequence is fed to a
pre-trained language model to obtain the encoded represen-
tations. We initialize the nodes with averaged hidden states
of its tokens because our triplets extraction performs at the
word level. For edges, we use a one-hot embedding layer to
encode the relations.

Based on the relational graph convolutional network and
given the initial representation hY for every node v;, the
feed-forward or the message-passing process with informa-
tion control can be written as

BT =ReLU(Y. Y

r€RL v;EN(v;)

(l) 1 1)

—wlh),

where N,.(v;) denotes the neighbors of node v; under re-

lation 7 and c¢; ;- is the number of those nodes. w,(«l) is the
is a gated value be-

learnable parameters of layer . g,(ll)
tween 0 and 1. Through the graph encoder F;(.), we then

*https://github.com/huggingface/neuralcoref.
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Figure 2: The framework or our model. For supergraph reasoning, in each iteration, each node selectively receives the message
from the neighboring nodes to update its representation. The dashed circle means zero vector.

obtain the hidden representations of nodes in fact units as
{hE,..hEY = Fo({vLo,.-vL.m}, EL) where hf" is the
node representation inside the fact unit. They are then con-
catenated as the representation for supernode as k3. There-
fore, we have {hg, ...hy,} = Fa({hS,...h5}, E,)

For node features on the supergraph, it is fused via the
attention and gating mechanisms with the original repre-
sentations of the context encoder H. We apply the at-
tention mechanism to append the supergraph representa-
tion to the original one H = Attn(H° Ky, Vy), where
{Ky,Vy} are packed from the learned representations of the
supergraph, i.e., {ho,...h;,}, and Attn is multi-head self-
attention. We compute A € [0, 1] to weigh the expected im-
portance of supergraph representation of each source word
A\ = o(WxH + UyH®), where W), and Uy, are learnable
parameters. H¢ and H are then fused for an effective repre-
sentation H = HY + A\H € R,

Interaction. For the application to the concerned QA
tasks that require reasoning, options have their inherent log-
ical relations, which can be leveraged to aid answer predic-
tion. Inspired by (Ran et al. 2019), we use an attention-based
mechanism to gather option correlation information.

Specifically for an option O;, the information it gets by
interaction with option O; is calculated as OZ(J ) = [OF —
O]; 0} o O]], where O} is the representation of the con-
catenation for the ¢-th option and question after the context
encoder; O] = OfAttn(Of,0%;v). Then the option-wise
information is gathered to fuse the option correlation infor-
mation

O = tanh(We[Of; {07 i) + b)
where W, € R4*74 and b, € R?.

For answer prediction, we seek to minimize the cross en-
tropy loss by L4,s = — log softmaxz(W,C + b,);, where

@
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C is the combined representations of O and H.

Logical Fact Regularization. Since the subject, verb, and
object in a fact should be closely related with some explicit
relationships, we design a logical fact regularization tech-
nique to make the logical facts more of factual correctness.
Inspired by (Bordes et al. 2013), the embedding of the tail
argument should be close to the embedding of the head argu-
ment plus a relation-related vector in the hidden representa-
tion space, i.€., Usubject + Upredicate — Vobject- Specifically,
given the hidden states of the sequence h; from the Trans-
former encoder. Regularization is defined as

Z(l - Cos(hsubk + hPTedk ’ hObjk))7
k=1

Lijr = 3)

where m is the total number of logical fact triplets as well
as the option and k indicates the k-th fact triplet.

Training Objective
During training, the overall loss for answer prediction is £ =

aLans + BLifr, where a and 3 are two parameters. In our
implementation, we set « = 1.0 and 5 = 0.5.

Experiments
Experimental Setup

We conducted the experiments on three datasets. Two for
specialized logical reasoning ability testing: ReClor (Yu
et al. 2020) and LogiQA (Liu et al. 2020) and one for logical
reasoning in dialogues: MuTual (Cui et al. 2020). We take
RoBERTa-large (Liu et al. 2019) and DeBERTa-xlarge (He
et al. 2020) as our backbone models for convenient compar-
ison with previous works. We also compare our model with
previous baseline models as listed in Table 1.

The model is end-to-end trained and updated by Adam
(Kingma and Ba 2015) optimizer with an overall learning
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Figure 3: The process of constructing the fact chain and its corresponding Levi graph form of an example in Figure 1. Entities

and relations are illustrated in their corresponding color.

Model ReClor LogiQA
Dev Test Test-E Test-H Dev Test

Human Performance* - 63.0 57.1 67.2 - 86.0
RoBERTa* 62.6 55.6 75.5 40.0 35.0 353
DAGN* 65.8 58.3 75.9 44.5 36.9 39.3

w/o data augmentation 65.2 58.2 76.1 44.1 355 38.7
LReasonerf 66.2 62.4 814 47.5 38.1 40.6

w/o data augmentation 65.2 58.3 78.6 42.3 - -
MERItf 66.8 59.6 78.1 45.2 40.0 40.3

w/o data augmentation 63.0 57.9 - - - -
HGN7{ 66.4 58.7 71.7 43.8 40.1 39.9
FOoCAL REASONER 66.8 (14.2) 58.9(13.3) 77.1(11.6) 44.6 (14.6) 41.0 (16.0) 40.3 (15.0)
DeBERTa* 74.4 68.9 834 57.5 444 41.5
LReasonert 74.6 71.8 83.4 62.7 45.8 433
HGN7{ 76.0 72.3 84.5 62.7 44.9 442
MERItf 78.0 73.1 86.2 64.4 - -
FOCAL REASONER 78.6 (14.2) 73.3 (14.4) 86.4(13.0) 63.0 (15.5) 47.3 (12.9) 45.8 (14.3)

Table 2: Experimental results of our model compared with baseline models on ReClor and LogiQA dataset. Segment-1: Human
performance; Segment-2: RoBERTa-based models; Segment-3: DeBERTA-based models. Test-E and Test-H denote Test-Easy
and Test-Hard respectively. The results in bold are the best performance except for the human performance. * indicates that the
results are taken from Yu et al. (2020) and Liu et al. (2020). Results with t are taken from their corresponding papers. Note that
we are mainly comparing with previous literature without data augmentation (DA), as we hope to concentrate on our research
problem on model architecture and logic relation discovery, instead of using additional tricks to bother the attention.

rate of 8e-6 for ReClor and LogiQA, and 4e-6 for MuTual.
The weight decay is 0.01. We set the warm-up proportion
during training to 0.1. Graph encoders are implemented us-
ing DGL, an open-source lib of python. The layer number
of the graph encoder is 2 for ReClor and 3 for LogiQA. The
maximum sequence length is 256 for LogiQA and MuTual,
and 384 for ReClor. The model is trained for 10 epochs with
a total batch size of 16 and an overall dropout rate of 0.1 on
4 NVIDIA Tesla V100 GPUs, which takes around 2 hours
for ReClor and 4 hours for LogiQA.

Results

Tables 2 and 3 show the results on ReClor, LogiQA, and
MuTual, respectively. All the best results are shown in bold.
From the results, we have the following observations:

(i) Based on our implemented baseline model RoOBERTa
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(basically consistent with public results), we observe dra-
matic improvements on both of the logical reasoning bench-
marks, e.g., on ReClor test set, FOCAL REASONER achieves
an absolute improvement of +4.2% on dev set and +3.3%
on the test set. FOCAL REASONER also outperforms the
prior best system LReasoner’, reaching 77.05% on the
EASY subset, and 44.64% on the HARD subset. The superi-
ority of the HARD subset indicates that our method is better
at solving more complex questions that rely on reasoning
over complex logical clues. The performance suggests that
FocAL REASONER makes better use of logical structure in-
herent in the given context to perform reasoning than ex-
isting methods. Additionally, FOCAL REASONER achieves
consistent improvement on DeBERTa backbone, which in-

The test results are from the official leaderboard https://eval.
ai/web/challenges/challenge-page/503/leaderboard/1347.
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Dev Set Test Set
Model
R4@1 R4@2 MRR R,@1 R,@2 MRR
RoBERTa* 69.5 87.8 82.4 71.3 89.2 83.6
RoBERTa-MC* 69.3 88.7 82.5 68.6 88.7 82.2
FOoCAL REASONER 73.4 (14.1) 90.3 (11.6) 84.9 (12.4) 72.7 (14.1) 91.0 (12.3) 84.6 (12.4)

Table 3: Experimental results of our model compared with baseline on MuTual dataset. * indicates that the results are taken
from (Cui et al. 2020). For a fair comparison with our method, we also report the multi-choice method (RoBERTa-MC) in
addition to the default Individual scoring method (RoBERTa).

Model S W 1 CMP ER P D R IF MS
RoBERTa 61.7 47.8 39.1 63.9 583 50.8 50.0 56.3 61.5 56.7
DAGN 63.8 46.0 39.1 69.4 57.1 53.9 46.7 62.5 62.4 56.7
FOCAL REASONER 72.3 66.4 47.8 91.7 76.2 76.9 66.7 68.8 73.5 86.7

Table 4: Accuracy on the dev set of ReClor on several representative question types. S: Strengthen, W: Weaken, I: Implication,
CMP: Conclusion/Main Point, ER: Explain or Resolve, D: Dispute, R: Role, IF: Identify a Flaw, MS: Match Structures. All

results are reported on the same PLM RoBERTa.

Model Accuracy
FOCAL REASONER 66.8+0.13
Supergraph Reasoning
w/o global edge 64.640.32
w/o co-reference edges 64.8+0.24
w/o logical fact regularization 64.240.12
w/o edge type 63.7+0.19
Interactions
- interactions 65.5+0.52

Table 5: Ablation results on the ReClor dev set.

dicates that our method is effective on stronger baselines.

(ii) Table 4 specifies the accuracy of our model on the dev
set of ReClor of different question types. Results show that
our model can perform well on most of the question types,
especially “Strengthen” and “Weaken”, which generally in-
volve statements such as “which of the following weakens
the conclusion?” of negative semantics. This means that our
model can well interpret the question type from the question
statement and make the correct choice corresponding to the
question, especially those with negation implications. Note
that here our definition of “negation statement” is broader
than traditional logic literature, which often contains words
such as “not” and “never”.

(iii) Our model outperforms the previous baseline models
on ReClor without data augmentation (DA) and even per-
forms on par with those with DA. On LogiQA dataset, FO-
CAL REASONER obtains the best performance even taking
DA into consideration. Given LogiQA is a more abstractive
dataset than ReClor, we may infer that fact units could in-
deed better capture the logical relations inside the context,
which leads to broader coverage of the knowledge. Com-
bining with hierarchical modeling methods, we can further
improve the performance.
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Number ReClor LogiQA
Train Dev Train Dev

Fact Unit Argument 14,895 1,665 20,676 1,981

Named Entity 9,495 984 12,439 1,515

Table 6: Statistics for fact unit entities and named entities.

(iv) On the dialogue reasoning dataset MuTual, our
model achieves substantial improvements compared with
the RoBERTa-base LM.® Focal Reasoner is able to gener-
alize to a different domain of datasets beyond the logical
reasoning inherent in texts. This verifies our model’s gener-
alizability on other downstream reasoning task settings.

(v) For the model complexity, our method basically keeps
as simple as previous models like DAGN. Our model only
has 414M parameters compared with 355M in the baseline
RoBERTa, and 400M in DAGN which also employs GNN.
This showcases effectiveness and simplicity.

Analysis
Ablation Study

To dive into the effectiveness of different components in FO-
CAL REASONER, we conduct analysis by taking RoBERTa
as the backbone of the ReClor dev set in Tables 5.

Supergraph Reasoning The first key component is super-
graph reasoning. We ablate the global atom which is initial-
ized with the representation of concatenation of the ques-
tion and each option. and erase all the edges connected with
it. The results suggest that the global atom indeed betters
message propagation, leveraging performance from 64.6%

®Since there are no official results on RoBERTa-large LM, we
use RoBERTa-base LM instead for consistency.
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Figure 4: Accuracy of models on a number of fact units on dev set of ReClor (left) and LogiQA (right).

Model Accuracy
FocAL REASONER 66.8+0.13
w/ named entity only 62.8+0.26
w/ semantic role only 62.240.32

Table 7: Comparison about replacing fact units with com-
monsense knowledge such as named entities or semantic
role labeling on the dev set of ReClor.

to 66.8%. We also find that replacing the initial QA pair rep-
resentation of the global atom with only question represen-
tation hurts the performance. In addition, without the logi-
cal fact regularization, the performance drops from 66.8% to
64.2%, indicating its usefulness. For edge analysis, when (i)
all edges are regarded as a single type rather than the orig-
inally designed 8 types in total and (ii) co-reference edges
are removed, the accuracy drops to 63.7% and 64.8%, re-
spectively. It is proved that in our supergraph, edges link the
fact units in reasonable manners, which properly uncovers
the logical structures.

Interactions We further experimented with the query-
option-interactions to see how it affects the performance.
The results suggest that the features learned from the in-
teraction process enhance the model. Considering that the
logical relations between different options are a strong indi-
cator of the right answer, this means that the model learns
from a comparative reasoning strategy.

Comparison with Alternative Fact Units

Apart from our syntactically constructed fact units, there
are two other ways in different granularities for construc-
tion. We replace fact units with named entities that are used
in previous works like (Chen, Lin, and Durrett 2019). The
statistics of fact units and named entities of ReClor and
LogiQA are stated in Table 6, from which we can infer
that there are indeed more fact units than named entities.
Thus using fact units can better incorporate the logical in-
formation within the context. When replacing all the fact
units with named entities and leaving the model architec-
ture unchanged, we can see from Table 7 that it significantly
decreases the performance. We also explore using seman-
tic role labeling (SRL) in a similar way as in (Zhong et al.
2020). SRL, leveraging much more complex information
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[0,3) [3,6) 6.9) [9,12) [12,00)
Number of Fact Units
[lIRoBERTa [UDAGN [0Focal Reasoner |
Dataset  [0,3) [3,6) [6,9) [9,12) [12,00)
ReClor 372% 48.6% 12.6% 0.6% 1.2%
LogiQA 47.5% 375% 109% 3.5% 0.6%

Table 8: Distribution of fact unit number on dev set.

as well as computation complexity, fails to achieve perfor-
mance as good as our original fact unit.

Influence of Scale of Fact Units

To inspect the effects of the number of fact units, we split
the original dev set of ReClor and LogiQA into 5 subsets.
The statistics of the fact unit distribution on the datasets are
shown in Table 8. The numbers of fact units for most con-
texts in ReClor and LogiQA are in [3,6) and [0, 3), respec-
tively. Comparing the accuracies of RoBERTa-large base-
line, prior SOTA LReasoner and our proposed FOCAL REA-
SONER in Figure 4, our model outperforms baseline models
on all the divided subsets, which demonstrates the effective-
ness and robustness of our proposed method. Specifically,
for ReClor, the performance of FOCAL REASONER becomes
more evident when the number of fact units locates in [6, 9),
while for LogiQA, FOCAL REASONER works better when
the number of fact units locates in [0,3) and [9,12). The
reason may lie in the difference in style of the two datasets.
However, all the models including ours struggle when the
number of fact units is above certain thresholds, i.e., the log-
ical structure is more complicated, calling for better mecha-
nisms to handle in the future.

Conclusions

In this work, we propose extracting a general form called
“fact unit” to cover both commonsense and temporary
knowledge units for logical reasoning. Our proposed FOCAL
REASONER not only better uncovers the logical structures
within the context but also better captures the logical inter-
actions between context and options. Experimental results
verify the effectiveness of our method.
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