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Abstract

Enabling machines with the ability of reason-
ing and inference over text is one of the core
missions of natural language understanding.
Although deep learning models have shown
strong performance on various cross-sentence
inference benchmarks, recent work has shown
that they tend to leverage spurious statistical
cues rather than capturing deeper relations be-
tween pairs of sentences. In this paper, we
show that the state-of-the-art language encod-
ing models are especially bad at modeling di-
rectional relations between sentences. To rem-
edy this issue, we incorporate a mutual at-
tention mechanism with a transformer-based
model to better capture directional relations be-
tween sentences. We further curate CER, a
Cause-and-Effect Relation corpus, to facilitate
the model embeds commonsense casual rela-
tions in sentence representations. Experiment
results show that the proposed approach im-
proves the performance on downstream appli-
cations, such as the abductive reasoning task.

1 Introduction

Reasoning over texts is regarded as a main chal-
lenge in artificial intelligence. This task aims at
identifying relations (e.g., cause-and-effect) be-
tween sentences, and it requires understanding ca-
sual commonsense and capturing correspondence
between sentences.

Recently, significant progress has been made by
language encoder techniques, such as ELMo (Pe-
ters et al., 2018), OpenAIs GPT (Radford
et al., 2018), BERT (Devlin et al., 2018) and
RoBERTa (Liu et al., 2019). These models learn
to encode words and sentences into fixed-length
vectors, and they capture the association between
words and phrases by training on large text cor-
pus. They have been shown to improve a vari-
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ety of downstream tasks, including language in-
ference tasks (e.g., SNLI (Bowman et al., 2015),
MNLI (Williams et al., 2017)). However, recent
work (McCoy et al., 2019; Niven and Kao, 2019)
shows that though current models perform well on
cross-sentence inference benchmarks, they lever-
age spurious statistical cues rather than capturing
deeper associations between sentence pairs. As a
result, the model fails to perform well on debiased
adversarial sets.

In this paper, we extend these studies and
analyze how well current language encoding
techniques capture commonsense casual relations.
We found that while contextualized representation
models are capable of capturing associations
between words, they have difficulty in capturing
directional relations between sentences. For
example, consider the following sentence pair:

S1 PersonX fails PersonX’s math class.
S2 PersonX must wait another semester to

graduate.

The language encoders (e.g., BERT, RoBERTa)
are able to recognize S2 is the “effect” of S1 but
fails to recognize S1 is the “cause” of S2. Besides,
these models often predict S1 is the ”effect” of
and is the ”cause” of S2 at the same time, demon-
strating that they are not modeling the directional
relations well. To formally evaluate the capacity of
models in capturing directional relations, we col-
lect CER, a new Cause-and-Effect Relation corpus
that consists of 784,075 sentence pairs extracted
from English Wikipedia, BookCorpus and 1.46GB
online novels.1 The corpus serves as an evaluation
task as well as a new resource for learning casual
relations between sentences.

In addition, we extend transformer-based lan-

1We will release the source code and dataset once the paper
is accepted.



guage encoding models, BERT, and RoBERTa by
introducing a mutual attention mechanism to better
capture the directional relations between sentences.
This approach models two directions separately and
thus disentangle the directional information from
co-occurrence. Results show that the proposed
approach improves the accuracy of recognizing
cause-and-effect relation by 6.1% on average.

We further evaluate the resulting sentence-pair
embeddings on the abductive reasoning task (aNLI)
(Bhagavatula et al., 2019), which is a benchmark
dataset requiring cause-and-effect commonsense.
Formulated as a binary-classification task, the goal
is to pick the most plausible explanatory hypothesis
given two observations from narrative contexts. We
demonstrate that the proposed embedding model
achieves better performance on aNLI compared to
baselines. Ablation study shows that both pretrain-
ing on Cause-and-Effect relation prediction task
and mutual attention mechanism contribute to the
performance gain.

The main contributions of this paper are:

• We analyze the inadequate capability of cur-
rent language encoder techniques at modeling
directional relations between sentences;

• We curate a new dataset CER specifically
aiming at helping models to learn directional
sentence-pair relations, which can also be
used for evaluation;

• We propose a mutual attention mechanism and
empirically demonstrate the effectiveness of
mutual attention in distinguishing directional
relations;

• We enhance the language encoders by the
proposed approach and the CER corpus and
demonstrate that they are beneficial to the
downstream abductive reasoning task.

2 Related Work

2.1 Sentence Embeddings

There are many works in the line of sentence em-
bedding learning that specifically target at con-
structing generic sentence representation. Skip-
Thoughts (Kiros et al., 2015) and Quick-Thoughts
(Logeswaran and Lee, 2018) learn unsupervised
sentence embeddings by predicting the surround-
ings sentences of a given sentence. InferSent (Con-
neau et al., 2017) uses the Stanford Natural Lan-

guage Inference (SNLI (Bowman et al., 2015)) Cor-
pus (a set of 570k pairs of sentences labeled with 3
categories: neutral, contradiction and entailment)
to train a classifier on top of a sentence encoder.
Both sentences are encoded using the same encoder
while the classifier is trained on a pair represen-
tation constructed from the two sentence embed-
dings. Nie et al. (2019) and Jernite et al. (2017)
demonstrate that discourse-based objectives can
also be leveraged to learn good sentence represen-
tations. Subramanian et al. (2018) and Cer et al.
(2018) leverage a multi-tasking learning framework
to learn a universal sentence embedding by switch-
ing between several tasks, including Skip-thoughts’
prediction of the next/previous sentence, neural ma-
chine translation, constituency parsing, and natural
language inference.

The Cause-and-Effect Relation prediction task
proposed by us is also a classification task, which is
a bit similar to the SNLI task and Nie et al. (2019)’s
discourse marker prediction task. However, unlike
our casual prediction task, these tasks do not try to
distinguish the different relations of two sentence
pairs which consist of the same two sentences but
have opposite order, so co-occurrences instead of
implied directional relations are learned. The CER
dataset proposed in this work, instead, contain re-
lations with two opposite directions; therefore it
facilitates the model learn the directions better.

2.2 Commonsense Casual Reasoning
Commonsense causal reasoning is the process of
capturing and understanding the causal dependen-
cies amongst events and actions. Such events
and actions can be expressed in terms, phrases
or sentences in natural language text. Roemmele
et al. propose the Choice Of Plausible Alterna-
tives (COPA) evaluation task, which consists of
1,000 English-language questions that directly as-
sess commonsense causal reasoning. Each question
gives a premise and two plausible causes or effects,
where the correct choice is the alternative that is
more plausible than the other. However, this dataset
is very small and is insufficient for training direc-
tional sentence-pair embeddings. In contrast, our
curated dataset is substantially larger, which con-
tains 7 million sentence pairs (784 times of COPA).

2.3 Transformer-based models
The Transformer introduced by Vaswani et al.,
which uses the self-attention mechanism, has
proven to be especially effective for common natu-



Relation Wiki Book- Online TotalCorpus Novels
isCauseOf 30,865 123,532 492,342 646,739
isEffectOf 9,601 43,046 57,282 109,929

Table 1: Statistics of CER: Number of sentence-pairs
with different labels.

Marker Wiki Book-
Corpus

Online
Novels

Total

because 10,014 45,526 59,533 115,073
Because 3,261 9,712 23,218 36,191
Since 5,541 7,122 83,324 95,987
so 11,194 75,768 237,419 324,381
So 2,358 38,684 75,106 116,148
Therefore 1,212 2,100 50,346 53,658
Hence 526 591 23,345 24,462
As a result 3,909 499 10,385 14,793
Consequently 1,140 353 1,516 3,009
For this purpose 65 5 40 110
To this end 191 31 41 263
Total 39,411 180,391 564,273 784,075

Table 2: Statistics of CER: Number of sentence-pairs
extracted from different datasets using different cohe-
sive devices. Reversing/negative sampling doubles the
number.

ral language processing tasks. GPT (Radford et al.,
2018) uses a left-to-right Transformer while BERT
(Devlin et al., 2018) builds on fully-connected
Transformer networks to pretrain bidirectional (in
fact all-directional) representations and improved
the state-of-the-arts on a range of NLP benchmarks
(Wang et al., 2018). When directly fine-tuning
transformer-based models on sentence-pair tasks,
segment embedding is used as a signal to distin-
guish different sentences when constructing input
representations. However, the latest work, such
as spanBERT (Joshi et al., 2019), RoBERTa (Liu
et al., 2019), finds that pretraining on single seg-
ments, instead of two half-length segments with the
next sentence prediction (NSP) objective, improves
performance on most downstream tasks, includ-
ing sentence-pair tasks. This can’t help but make
people think: for the sentence-pair tasks (or other
multi-sentence tasks), is there a better form to char-
acterize the relations between the sentences?

3 CER: Cause-and-Effect Dataset

We curate a new sentence-pair dataset for studying
natural language reasoning, called CER. The task
is to predict the casual relation between two sen-
tences. Formally, for every sentence-pair (S1, S2),
The relation between S1 and S2 is denoted as
R(S1, S2). For every two sentences in CER, there
are three possible relations: isCauseOf, isEffectOf ,

noRelation. And it is worth noting that isCauseOf
and isEffectOf are relations with opposite di-
rections. That is if (S1, S2, isCasueOf) holds,
(S2, S1, isResultOf) also holds. As shown in Ta-
ble 3 for example sentence pairs corresponding
to different relations (S1, S2, r). The model must
then select the most appropriate directional rela-
tion of (S1, S2). To the best of our knowledge,
CER is the first large-scale natural language casual
dataset.2

Data Sources Our corpus consists of 784,065
sentences, derived from English Wikipedia3, Book-
Corpus4(Zhu et al., 2015) and 384 online novels
(1.46GB) from Read Novel Full website5. These
datasets are slightly different in nature and allow
us to achieve broader coverage: English Wikipedia
contains formal English and well-defined common-
sense; BookCorpus contains daily languages and
daily commonsense; online novels contain more
verbal and non-formal English. Table 1 presents
some statistics for each part of the dataset.

Data Construction In the following, we present
an automatic process to collect a large dataset of
sentence pairs which have Cause-and-Effect rela-
tionships from natural text corpora.

We first leverage a set of cohesive devices and
phrases (e.g., because) which indicate cause-and-
effect relationships to generate a set of templates
with the help of Stanford Parser (Manning et al.,
2014). We noticed that some previous work (Nie
et al., 2019) which deals with cohesive devices rely
on dependency parsers for extraction. However,
the use of dependency parser introduces noise into
the dataset, sacrificing the quality of extracted sen-
tences. Instead of using dependency parser, we
mainly rely on templates and a set of rules.

In many cases, a given template has multiple ver-
sions. For example, for “A because B.” “A probably
because B.” is an alternative form. We collected
a list of derivations for each cohesive devices to
generate variations of the surface form based on
regular expression and POS tagging (“,[RB] be-
cause” or “,[IN] because” in this case). Similarly,

2Although COPA contains casual sentence pairs, the sen-
tences in COPA are very short and this dataset only contains
1000 samples, which is insufficient for training large sentence
encoders.

3en.wikipedia.org/wiki/Wikipedia:Database download
4We crwal BookCorpus data using the script in

www.github.com/soskek/bookcorpus, and get 3645 books in
total from www.smashwords.com.

5www.readnovelfull.com



Sentence 1 Sentence 2 Relation
He had taught thousands of kids to speak basic English. He liked teaching children abroad. isCauseOf
He liked teaching children abroad. He had taught thousands of kids to speak basic English. isEffectOf
He had taught thousands of kids to speak basic English. He knocked the door. noRelation

Table 3: Examples from CER. The first sentence pair is collected from online novels. The second sentence pair is
generated by reversing direction of the first sentence pair; the third is generated by negative sampling.

we design regular expression to filter out some sen-
tence pairs despite that they contain the targeted
cohesive device. For example, “A, because of B.”
is excluded from the isCauseOf relation as A is not
the cause of B. We also need to make sure that A is
not a fragment (e.g. “In addition”). The full list of
templates along with detailed extracting rules can
be found in the Appendix.

Because this method is fully-automatic and it
makes no assumption on source corpus, it can be
applied on any natural text corpora to extract more
casual sentence pairs.

After extracting sentence pairs from natural text
corpora, we further augment the dataset by 1) re-
versing the sentence pairs to generate a dual set
(e.g., isCauseOf (S1, S2) ↔ isEffectOf (S2, S1))
and 2) generating negative samples by randomly
selecting sentences from other sentence-pairs to
construct noRelation class. We randomly divide
the dataset into train/validation/test set with 90%,
5%, 5% split.

4 Mutual Attention as Directional
Relation Encoder

In the following, we discuss how to extend a
transformer-based model to better capture direc-
tional sentence relations.

Fully-connected Transformer heads treat every
token equally by nature, regardless of which sen-
tence (segment) they belong. Different transformer-
based models have different strategies of encoding
segment information: BERT embeds segment infor-
mation via a special token <sep> and segment em-
bedding; RoBERTa abandons the reluctant segment
embedding of BERT (Figure 1 (a)). When single
sentence encoders are transferred to sentence pair
tasks, a concatenation of both sentence embeddings
(along with their product and difference) is usually
used as the representation for the whole sentence
pair (Figure 1 (b)). However, as our probing shows,
both approaches are inefficient in distinguishing
the directions of the relations between sentences
and do not have good transferability for natural
language reasoning since this kind of advanced

tasks need models to be aware of the asymmetry
of the relations between sentences. We propose to
adopt the mutual attention mechanism to encode
the inter-sentence direction information (Figure 1
(c)).

Formally, given a pair of sentences (S1, S2),
each sentence is a sequence of words or sub-words
Si = (xi1, x

i
2, ..., x

i
ni
) from vocabulary V. The

set of all tokens is denoted as X . The relation be-
tween S1 and S2 is denoted as R(S1, S2) while
R(S2, S1) = R(S1, S2).

Backbone Transformer Networks Given an in-
put sentence Si, an L-layer Transformer is used to
encode the input:

H l = Transformerl(H
l−1)

where l ∈ [1, L], and H l = [hl1, h
l
2, ...]. The hid-

den vector hlj is the l-th layer’s contextualized rep-
resentation of the j-th token in the input sentence.

In each Transformer block, there are multiple
self-attention heads used to aggregate the output
vectors of the previous layer. For the l-th Trans-
former layer, the output of an original self-attention
head Al is computed via:

Q = Hl−1WQ
l ,K = Hl−1WK

l , V = Hl−1WV
l

Al = softmax

(
QKT

√
dk

)
V

(1)

where WQ
l , W V

l , WK
l are the linear transforma-

tions to get the query matrix Q, the key matrix K
and the value matrix V in the l-th layer, and dk is
the dimension of the rows in K.

Mutual Attention In the mutual attention head,
Q and K, V in Eq. (1) are no loner transformed
from the same hidden vectors. Therefore, instead,
the attention head Al is computed via:

Al(S1, S2) = softmax

(
Q1K

T
2√

dk

)
V2

Al(S2, S1) = softmax

(
Q2K

T
1√

dk

)
V1

(2)
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(a) Standard BERT/RoBERTa (b) Single Sentence Encoding Models (c) Ours

Mutual Attention Transformer Block 2

…

Figure 1: Overview of the framework. (a) is the standard BERT/RoBERTa structure, the hidden states corre-
sponding to the first token often used to represent the whole sentence pair. (b) is the standard single sentence
representation encoding structure. (c) is the framework proposed by us: Lower transformer layers are subgraph
attention layers while top layers are mutual attention layers, where tokens in S1 and tokens in S2 pay attention to
each other rather than to all tokens.

Head Type Complexity per head
Fully-connected Attention O(n2 · d)

Mutual Attention O(1/2 · n2 · d)

Table 4: Mutual attention mechanism reduces half of
the computational complexity compared to the fully-
connected self-attention model. d is the dimension of
hidden vectors and n is the number of layers.

More specifically, the aggregating rule for every
hidden state in layer i is shown as following:

hl
mul ←

∑
k∈X\N (u)

(WQ
l hl−1

u )TWK
l hl−1

k√
dk

WV
l hl−1

k + hl−1
u

(3)

where N (u) (the neighborhood of xu) is the set of
all the tokens in Si (xu ∈Si).

We set the attention heads at lower levels to be
single-sentence (only do self attention within once
sentence) and adopt mutual attention at top lay-
ers, since the single-sentence attention serves as
intra-sentence information fusion while mutual at-
tention focuses on inter-sentence relations. It is
also worth noting that computing mutual attention
instead of fully-connected attention reduces half
the computational complexity (see Table 4).

5 Experiments

We first evaluate the effectiveness of mutual at-
tention on both our curated CER dataset and a
subset of ATOMIC (Sap et al., 2019), where the
directional relations between pair of sentences is
temporal precedence. Then we evaluate the general-
ization performance of this self-supervised method

on the abductive natural language inference task
by using Cause-and-Effect relation prediction as a
supplementary training phase. We also conduct a
set of analytical experiments to validate properties
of this method.

5.1 Directional Relation Prediction
Except for the automatic curated CER dataset, we
also extract a subset of ATOMIC which contents
directional relationships. ATOMIC is a common-
sense dataset which consists of 9 kinds of relations:
xIntent, xNeed, xAttr, xReact, xWant, xEffect, oRe-
act, oWant, oEffect. We only focus on the rela-
tions which have directional properties (i.e., xNeed,
xEffect). The meaning of these two relations and
the corresponding examples are listed in Table 5.
It is not hard to tell that xNeed(S1, S2) ↔ xEf-
fect(S2, S1) (represents temporal precedence). We
add the subject personX in front of sentence B6

to avoid the false statistical features introduced by
the different formats of sentence A and sentence
B. Similar to our curated Cause-and-Effect rela-
tionship dataset, we also reverse the sentence pair
to generate a dual set. And we randomly divide
the dataset into train/validation/test sets with 80%,
10%, 10% splits.

Experiments settings We compared the pro-
posed mutual attention mechanism with various
different strategies to encode directional informa-
tion:

6We also delete the “to” in sentence B and transform the
verb to third person singular to make sentences more natural.



Relation Sentence A Sentence B
xNeed [PersonX makes Person Y’s coffee] PersonX needed [to put the coffee in the filter]
xEffect [PersonX makes Person Y’s coffee] PersonX then [gets thanked]

Table 5: The meaning of each relation and the corresponding example in ATOMIC.

Dataset Model Origin Test-Augmented Augmented
Acc F1 Acc F1 Acc F1

CER

Transformer-SE 73.2 84.5 46.9 61.5 71.2 80.9
Transformer+InferSent 80.7 84.4 69.6 72.3 72.1 77.2

Transformer-Mul 82.0 86.2 71.3 78.1 78.4 86.7
BERT 87.2 91.5 62.1 69.2 82.7 90.9

RoBERTa 88.3 93.4 61.8 68.2 84.9 94.6
BERT-Mul 87.8 92.1 73.7 80.6 85.2 95.1

ATOMIC
Transformer-SE 80.7 86.2 60.7 67.4 70.1 77.9

Transformer+InferSent 79.1 85.6 69.8 74.2 77.7 84.5
Transformer-Mul 80.6 85.2 70.2 77.8 82.6 86.1

Table 6: F1 score and accuracy on CER and the subset of ATOMIC. Origin means models are both trained and
test on the original dataset where one sentence can either be S1 or S2 once. Test-Augmented means models are
trained on the original dataset but tested on augmented test dataset, where for every sentence pair (S1, S2) we add
a new instance (S2, S1) by reversing the sentence order and swap the label from cause to effect and vice versa.
Augmented means models are both trained and test on augmented dataset.

1. Transformer-SE: A BERT-like transformer
structure whose input consists of token em-
beddings, position embeddings and segment
embeddings.

2. Transformer+InferSent: It uses the two hid-
den states corresponding to the first token of
both sentences as sentence embeddings from
the transformer encoder, then uses the two sen-
tence embeddings to construct the final feature
vector, consisting of the concatenation of two
sentence vectors, their difference, and their
elementwise product (Conneau et al., 2017).

3. Transformer-Mul is our proposed composi-
tional model that combines single-sentence
attention and mutual attention. We cascade 10
single-sentence attention layers with 2 mutual
attention layers.

4. BERT-Mul: To test its compatibility with pre-
trained models, we initialize Transformer-Mul
with pretrained parameters of BERT-base (De-
vlin et al., 2018) and compare it with BERT-
base, RoBERTa-base.

Parameter Settings For models trained from
scratch, we first train GloVe (Pennington et al.,
2014) word embeddings on the Wikipedia and
BookCorpus with 300 dimensions. We set the num-
ber of attention heads per layers nhead = 5 and
dmodel = 300, dk = dv = dq = 60. We use Adam
with 2 × 105, β1 = 0.9, β2 = 0.999, ε = 1e8.
Gradient is clipped to 1. In both the training and
test set, we truncate sentences with more than 128
words into 128 words. Batch size is set to 64. For

BERT-Mul, we adopt 2 layers of mutual attention
of the same parameters with BERT-base.

Results The evaluation results on CER and the
subset of ATOMIC are shown in Table 6. We ob-
serve that Transformer-Mul performs better than
or competitive with other approaches on both
F1 score and accuracy in all the settings. It is
worth noting that although in the original dataset
the set of S1 and the set of S1 have no overlap,
the performance of Transformer-SE is compara-
ble with Transformer-Mul, when tested on the
augmented test set, Transformer-Mul outperforms
Transformer-SE by a large margin. We hypothe-
size that Transformer-SE is likely to rely more on
the co-occurrence of two sentences. The empirical
results also show that even when trained on the aug-
mented dataset, the mutual attention mechanism
continues outperforming other methods of combin-
ing direction information, further revealing the ad-
vantage of the mutual attention mechanism. These
results indicate that by applying the mutual atten-
tion mechanism, models tend to learn sentence-pair
representations which contain more information
about the direction of their relations.

Score Distribution Figure 2 shows two sets of
samples on the augmented CER corpus: 1) the
samples labeled as isCauseOf and 2) the samples
labeled as isEffectOf. Transformer-SE is not sensi-
tive to direction and confuses between isCauseOf
and isEffectOf. Therefore, the distributions of its
predicted scores are in a saddle shape. In contrast,
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Figure 2: The distributions of predicted scores on randomly selected samples: samples labeled as isCauseOf (red
line) and isEffectOf (blue curve). As shown in the figures, transformer-SE (left two figures) confuses between
these two relations and assigns high scores on both categories of samples. In contrast, Transformer-Mul (right two
figures) captures the directional relations better.

Transformer-Mul is able to distinguish these types
of relations, so the distribution of predicted scores
is more monotonous.

5.2 Experiments on aNLI

The aNLI Dataset Abduction has long been
considered to be at the core of how people interpret
and read between the lines in natural language.
Abductive Natural Language Inference (aNLI) is
a commonsense benchmark dataset designed to
test an AI system’s capability to apply abductive
reasoning and common sense to form possible
explanations for a given set of observations.
Formulated as a binary-classification task, the
goal is to pick the most plausible explanatory
hypothesis given two observations from narrative
contexts. Each instance is defined as follows:
Obs1:The observation at time t1; Obs2: The
observation at time t2 > t1; Hyp+: A plausible
hypothesis that explains the two observations;
Hyp-: Am implausible (or less plausible) hypothe-
sis that explains the two observations. For example:

Obs1 Jenny was addicted to sending text mes-
sages.

Obs2 Jenny narrowly avoided a car accident.
Hyp- Since her friend’s texting and driving car

accident, Jenny keeps her phone off while
driving.

Hyp+ Jenny was looking at her phone while driv-
ing so she wasn’t paying attention.

Experiment Setup We design the following ex-
periment to test whether a model can transfer the
knowledge learned on CER to the downstream
aNLI task. In particular, we compare the following
models:

1. BERT & RoBERTa: The original BERT-
base and RoBERTa-base.

2. BERT-InferSent & RoBERTa-InferSent:
Two single-sentence embeddings are provided
by BERT/ RoBERTa to construct the final fea-
ture vector, consisting of the concatenation of
two sentence vectors along with their differ-
ence and elementwise product.

3. BERT-Mul & RoBERTa-Mul: Contextu-
alized embeddings are provided by BERT/
RoBERTa and 8 mutual attention layers on
the top are added on the top.

Implementation Details We also apply a simi-
lar transfer strategy to ATOMIC and a variation
of ROC dataset, following the work by Roemmele
and Gordon, in which they assume sentences from
the same story have a casual relationship with each
other. We implemented one-way negative sampling
for all datasets in all settings. We also experimented
with pretraining on three label classification task
in the same format as that mentioned in previous
sections. One-way negative sampling provides bet-
ter results while the relative gaps between different
approaches are consistent.

Results and Analysis As shown in Table 7, fine-
tuning on both CER provide largest gains on aNLI,
which indicates that CER is a good source for direc-
tional casual information needed to make abductive
natural language inference. Models with mutual
attention mechanism outperform both simple con-
tinuous fine-tuning and single sentence encoder
pretraining with InferSent structure, which shows
that with a mutual attention mechanism at the top,
models can benefit more from causal sentence-pair
pretraining task and are more transferable to natu-
ral language reasoning tasks. The results suggest
that 1) directional relation information captured
by models are beneficial for abductive reasoning;
2) mutual attention helps models to better capture
transferable directional relation representations.



Model no pretrain ROC CER ATOMIC Multi-Task
BERT 63.62 62.92 68.50 60.31 62.21

BERT-InferSent 60.40 60.24 68.77 62.02 62.59
BERT-Mul 63.62 65.79 69.57 64.17 65.42
RoBERTa 73.85 70.05 72.18 71.69 76.93

RoBERTa-InferSent 72.13 75.98 70.98 70.51 76.20
RoBERTa-Mul 72.85 73.72 76.70 74.57 77.15

Table 7: Results on aNLI dataset. The leftmost column shows the results without pretraining on other directional
relation corpora; the middle three columns shows the results of pretraining on a single dataset; and the rightmost
column shows the results of pretraining on the three datasets in a multi-task manner.

Figure 3: The figure on the left is the mutual attention head in Transformer-Mul. The figure on the right is the
fully-connected attention head in Transformer-Full. The sentence pair is ”she could not stand this development.”
vs. ”she chose to commit suicide by hanging herself.”

6 Case Study

We observe that the attention maps in the mutual
attention heads are highly asymmetric: There exist
significant differences between the attention maps
of S1 → S2 and the attention maps of S2 → S1
for a large amount of sentence pairs. To formally
verify our observation, we conduct a comparison
experiment between Transformer-Mul model and
another Transformer+Full model, which has the
same parameters with Transformer-Mul. The only
difference is the top two layers in Transformer-
Full are fully-connected attention heads rather than
mutual attention heads.

We randomly select 100 sentence pairs from
CER and conduct a paired t-test between the at-
tention maps of S2 → S1 and the attention maps of
S1 → S2 (10 heads per sentence pair). The same
t-test also conducted on Transformer-sub&full. Fig-
ure 3 shows a pair of attention maps as an example.
For the fully-connected heads, the two blocks in
the opposition angle are chosen to be paired since
they represent attention weights for the other sen-
tence. The means of t-scores of Transformer and
Transformer-Mul are 2.01 and 9.09, respectively.

Although the differences in both models are sta-
tistically significant, Transformer-Mul consistently
gets higher t-scores, which indicates that the at-

tention maps of two directions in mutual attention
heads are statistically more different than those in
fully connected heads.

Moreover, the mutual attention yields more
interpretability. For the example sentence pair
(S1 =“she could not stand this development.”
, S2 =“she chose to commit suicide by hanging
herself.”), as is shown in Figure 3, while the atten-
tion from ”suicide” to ”could not stand” is high,
there does not exist symmetrical high attention
from ”could not stand” to ”suicide”, indicating that
the mutual attention directionally encodes the ca-
sual association between phrases.

7 Conclusion

This paper studies the effects of training directional
sentence pair embeddings. By curating a direc-
tional casual dataset CER, we showed that mutual
attention is a superior mechanism to capture direc-
tional relations between pairs of sentences. We also
showed that the learned directional sentence pair
embeddings are transferable to abductive reason-
ing task, outperforming existing architecture and
training approaches. Future work includes develop-
ing automatic schemes to extract other directional
relations, such as temporal relations and extract the
commonsense knowledge from multi-modality.
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