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ABSTRACT

Recent advances in cross-lingual commonsense reason-
ing (CSR) are facilitated by the development of multilin-
gual pre-trained models (mPTMs). While mPTMs show the
potential to encode commonsense knowledge for different
languages, transferring commonsense knowledge learned in
large-scale English corpus to other languages is challeng-
ing. To address this problem, we propose an attention-
based Cross-LIngual Commonsense Knowledge transfER
(CLICKER) framework for minimizing the performance
gaps between English and non-English languages on com-
monsense question-answering tasks. CLICKER can effec-
tively improve commonsense reasoning for non-English lan-
guages by differentiating language-specific knowledge from
commonsense knowledge. Experimental results on public
benchmarks demonstrate that CLICKER is effective in de-
coupling commonsense knowledge from non-commonsense
knowledge and achieving remarkable improvements in the
cross-lingual CSR task of languages other than English.

Index Terms— Commonsense reasoning, multilingual,
pre-trained language model, knowledge extraction, self-
attention

1. INTRODUCTION

Commonsense reasoning (CSR) relies on shared and un-
changed knowledge across different languages and cultures
to help computers understand and interact with humans nat-
urally [1]. CSR is a crucial problem in natural language
processing that has proved important for artificial intelligence
systems [2, 3].

Cross-lingual CSR aims to reason commonsense across
languages, which is the key to bridging the language barrier
in natural language understanding and generalizing CSR to a
broader scope [4]. Recently, several cross-lingual datasets are
proposed amidst the surging interests in cross-lingual CSR,
e.g. XCOPA [5], X-CSQA [6], and X-CODAH [6]. Multilin-
gual pre-trained language models (mPTMs) based on Trans-
former [7], such as mBERT [8], XLM [9], XLM-R [10] and
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InfoXLM [11], have also been demonstrated to have the po-
tentials of conducting CSR in multiple languages [12, 4, 5,
6]. The performance of mPTMs for non-English CSR, how-
ever, is typically worse than that for English CSR due to data
scarcity issues [13, 10, 5]. Furthermore, mPTMs continue
to raise concerns regarding their ability to transfer common-
sense knowledge given that they do not 1) explicitly extract
commonsense knowledge and 2) improve the CSR for any
specific language in multilingual scenarios [10].

To address the above issues, we propose a Cross-LIngual
Commonsense Knowledge transfER (CLICKER) to bridge
the performance gap of mPTMs for CSR between the source
(English) and the target (non-English) language by elic-
iting commonsense knowledge explicitly via cross-lingual
task-adaptive pre-training [14]. Specifically, CLICKER is
a three-step framework based on XLM-R [10]. First, the
task-adaptive pre-training is conducted on the multilingual
commonsense corpora to help XLM-R adapt to the CSR
task. A self-attention [7] mechanism is applied to learn
the knowledge related to commonsense. Second, common-
sense and non-commonsense knowledge are differentiated
by jointly optimizing their similarity measurements. Third,
the extracted commonsense knowledge representation is then
fine-tuned on the downstream CSR tasks.

Experiments on public benchmark demonstrate our ap-
proach closes the discrepancies between English and German
on CSR and outperform the XLM-R baseline on X-CSQA and
X-CODAH benchmarks [6]. Further analysis indicates that
the CLICKER can extract cross-lingual commonsense repre-
sentations more effectively, and with better interpretability.

2. METHOD

This section introduces the CLICKER model based on
XLM-R for cross-lingual CSR. As illustrated in Figure 1,
CLICKER extracts commonsense knowledge of English
to benefit non-English languages1 in three steps: 1) task-
adaptive pre-training, 2) commonsense differentiation, and 3)
knowledge-transfer fine-tuning.

1In this paper, we take German as an example of a foreign language that
is not up to par with English for CSR.



Fig. 1. The overview of CLICKER framework, which is trained in three steps with joint objectives for cross-lingual common-
sense reasoning. Parameters in XLM-R and self-attentions layers are shared in all steps. Each check or cross represents whether
the following choice is commonsense reasonable or not, respectively.

2.1. Problem Definition

The CSR task aims to select one from multiple choices that
are most reasonable in commonsense given the previous state-
ment or question. For example, the plausible choice of answer
to “What is a great place to lay in the sun?” is “beach” rather
than choices like “in the basement” or “solar system”. De-
noting a set of choices for CSR input as S(j)’s, j ∈ [1,. . . ,
|C|], where the number of choices for each input as |C|, the
goal is to predict the common sense choice:

ỹ = argmaxjP (y = j|{S(1), . . . ,S(|C|)}) (1)

2.2. Step One: Task-Adaptive Pre-Training

Task-adaptive pre-training uses self-attention to enable our
model to learn preliminary commonsense knowledge of En-
glish and German, respectively, from the multilingual cor-
pora. Specifically, the input is a tokenized utterance, i.e.
Si = {[CLS], q(1)i , . . . , q

(k)
i , [SEP]}, where i ∈ [1, . . . , N ],

N is the size of dataset, and k is the length of sequence.
A self-attention layer is built on top of the Transformer
to obtain attention toward commonsense knowledge from
the Transformer’s pooled output states. The self-attended
outputs are optimized by the Cross-Entropy loss through
a multiple-choice classifier to select the commonsense-
reasonable choices. Our model is trained on multilingual
CSR datasets containing examples of both English (EN) and
German (DE).

2.3. Step Two: Commonsense Differentiation

In this step, the representation of the commonsense knowl-
edge shared across EN and DE is differentiated from the

non-commonsense representation leveraging paralleled EN
and DE datasets. The inputs are similar to those in Sec 2.2
but examples with the same semantics in different languages
are mapped together. We note here that the parallel datasets
are not necessarily restricted to CSR datasets, but can be gen-
eralized to any bi-lingual datasets for mapping semantics of
English and the non-English language, e.g. bi-lingual dictio-
naries or textbooks. The output states of the Transformer are
pooled and weighted by the attention matrix followed by a lin-
ear projection, being extracted as commonsense embeddings
Xi and non-commonsense embeddings X̃i, respectively.

Xi =FFN(Attention(Oi)) (2)

X̃i =FFN(1− Attention(Oi)) (3)

where Oi is output hidden states from the last layer of the
Transformer for the i-th input, and FFN represents a Feed-
Forward layer. For brevity, we omit index i in the following
equations.

We use XEN and XDE to denote commonsense embed-
dings of English and German inputs, respectively. Similarly,
X̃EN and X̃DE represents non-commonsense embeddings.
Knowledge mapping is made by measuring the similarities
between commonsense embeddings and non-commonsense
embeddings. Specifically, we maximize the cosine similar-
ity between English and German embeddings that share the
same and valid commonsense knowledge, i.e. XENj∗ and
XDEj∗ , as in Eq. (4). And we minimize the cosine similar-
ity between XENj∗ and XENj , as in Eq. (5). j∗ is the index
of the choice that is reasonable in commonsense, j ∈ [1,. . . ,
|C|] and j ̸= j∗. Such that similar commonsense knowledge
in both languages is projected into the same position in the



semantic space.

Lalign = 1− cos(XENj∗ , XDEj∗ ) (4)

Ldiff =

|C|∑
j=1,j ̸=j∗

(max(0, cos(XENj∗ , XENj ))

+ max(0, cos(XDEj∗ , XDEj )))

(5)

On the other hand, the non-commonsense embeddings
represent knowledge unrelated to cross-lingual common-
sense. Assuming the correct choice and other incorrect
choices of the input share similar non-commonsense knowl-
edge, we maximize the intra-language cosine similarity
of non-commonsense embeddings. Moreover, the correct
choice of different languages should share the same non-
commonsense knowledge so that we maximize inter-language
cosine similarity jointly, as defined in Eq. (6).

Lnc =

|C|∑
j=1,j ̸=j∗

(1− cos(X̃i
ENj∗

, X̃i
ENj

))

+

|C|∑
j=1,j ̸=j∗

(1− cos(X̃i
DEj∗

, X̃i
DEj

))

+ 1− cos(X̃i
ENj∗

, X̃i
DEj∗

)

(6)

All the losses above and the Cross-Entropy loss are optimized
as the joint training objective of the cross-lingual CSR. We
use output commonsense embeddings XDEj∗ and XDEj to
calculate the Cross-Entropy loss.

2.4. Step Three: Knowledge-Transfer Fine-Tuning

Finally, our model is fine-tuned with the training objec-
tives similar to Sec 2.3 for evaluating CSR on the multiple-
choice question-answering (QA) and the clause-selection
tasks, leveraging the parallel CSR datasets of English (EN)
and German translated from English (EN DE) as inputs.
Different from previous steps, each input of XLM-R is
the concatenation of question and each choice of answer
which are then split into tokens with additional special ones,
i.e. Si = {[CLS], q(1)i , . . . , q

(m)
i , [SEP], [CLS Q], a(1)i , . . . ,

a
(n)
i , [SEP]}, where [CLS Q] is the beginning special token

of the answer spans, qi and ai are tokens of the question and
answer, and m, n are numbers of question and answer tokens,
respectively.

3. EXPERIMENTS AND ANALYSES

We use English and German subsets of Mickey Corpus [6]
for Step 1 to warm up the multilingual language model for
cross-lingual CSR tasks. Then we take advantage of parallel
corpora of English and German in the Mickey Corpus again

for Step 2 to obtain their semantic mappings and differenti-
ate commonsense and non-commonsense embeddings. For
Step 3, the CLICKER model is fine-tuned on the English and
machine-translated German training set of X-CSQA and X-
CODAH [6], which are in the style of multiple-choice QA
and selection of appropriate clauses, respectively.

We compare our model with the multilingual contrastive
pre-training (MCP) [6] model based on XLM-RB [10]. MCP
model is trained on permuted Mickey Corpus for multilingual
contrastive training and fine-tunes on cross-lingual CSR train-
ing set in English only. Instead, we re-implement it to train
on the combination of English and German Mickey Corpus.
Then we fine-tune it on both English and machine-translated
German CSR training sets and evaluate it on the test set in
German to make a fair comparison with our model.

The following subsections describe the experimental re-
sults and analyze CLICKER models on the cross-lingual CSR
benchmarks X-CSQA and X-CODAH in German. Note that
our experiments are conducted for commonsense knowledge
transfer from English to German, but the approach can be ex-
tended to other languages.

3.1. Experimental Results

Table 1 shows the test accuracy of baselines and CLICKER
models for CSR in German. Different combinations of losses
are applied in experiments for optimizing commonsense dif-
ferentiation. We observe consistent improvements with our
three-step framework by extracting commonsense knowledge
with self-attentions (i.e. CLICKER - base) on both datasets
compared to baselines.

Results show that the align loss further improves the base
CLICK model on X-CSQA. And the non-commonsense (nc)
loss is proved effective on both datasets. The best perfor-
mance on X-CSQA is achieved when using the align loss with
or without the diff loss, which illustrates lining up embed-
dings of the same commonsense between English and Ger-
man dominates the performance of CSR. Besides, the model
with align and nc loss is slightly inferior to the model with nc
loss only on X-CSQA. On X-CODAH, our CLICK models
perform the best with the nc loss which maximizes the co-
sine similarity of non-commonsense embeddings, improving
1.6% on accuracy.

3.2. Discussion

Our models address the alignment of extracted embeddings
with various combinations of objectives. The fact that
align+nc loss is not as good as nc loss alone suggests a
conflict between aligning the commonsense embeddings and
aligning the non-commonsense embeddings. This can be
explained as both objectives aiming to maximize the cosine
similarity of embeddings, making it harder for the model to
discern different commonsense knowledge in them. From



Models Acc
X-CSQA
MCP(XLM-RB)* [6] 48.8
CLICKER - base 49.6 (+0.8)
CLICKER - align 50.6 (+1.8)
CLICKER - align+diff 50.6 (+1.8)
CLICKER - nc 49.8 (+1.0)
CLICKER - align+nc 49.6 (+0.8)
X-CODAH
MCP(XLM-RB)* [6] 49.2
CLICKER - base 50.2 (+1.0)
CLICKER - align 49.6 (+0.4)
CLICKER - align+diff 50.3 (+1.1)
CLICKER - nc 50.8 (+1.6)
CLICKER - align+nc 49.6 (+0.4)

Table 1. Accuracy on the test set of X-CSQA and X-CODAH
in German. MCP(XLM-RB)* model is trained in English and
machine-translated German. The align, diff, nc refer to the
equation (4), (5), and (6), respectively.

the best accuracy achieved on two datasets, we conjecture
the quality of commonsense embeddings (optimized by align
and diff losses) dominates CSR on X-CSQA, while non-
commonsense embeddings (optimized by nc loss) dominates
that on X-CODAH. The reason for this may be that extracting
commonsense knowledge for clause selection in X-CODAH
is somewhat more challenging than multiple-choice QA in
X-CSQA, whereas separating the non-commonsense embed-
dings help the multiple-choice classifier predict the remain-
ing part with less noise. We also observe that using align
and nc losses together is not the best practice according to
our experiments. We interpret that the major knowledge in
question answering is commonsense, in that the align loss
dominates in the question-answering task of X-CSQA. How-
ever, separating the non-commonsense embeddings with nc
loss dominates the sentence-selection task of X-CODAH.

Commonsense v.s. Non-commonsense. To investigate
the effectiveness of our learned commonsense embeddings,
we evaluate the accuracy of our CLICKER models on the
X-CSQA dev set predicted by commonsense embeddings or
non-commonsense embeddings. As seen in Table 2, the per-
formance of commonsense embeddings is significantly better
than that of non-commonsense embeddings. It is as expected,
as our models are trained with cross-lingual CSR objectives
to discern commonsense embeddings and trained with cross-
lingual CSR objectives, while maximizing the similarity of
non-commonsense embeddings. Non-commonsense embed-
dings can induce confusion for CSR, such that combining
both embeddings performs worse than using commonsense
embeddings only.

Does self-attention imply commonsense knowledge?
We assume that self-attentions in our models can appropri-

Fig. 2. Attention head of the self-attention layer. The given
example is from X-CSQA.

Classifier Input Dev Acc
Commonsense 47.8
Non-Commonsense 11.0
Commonsense + Non-Commonsense 47.6

Table 2. Dev accuracy on X-CSQA taking commonsense or
non-commonsense embeddings as inputs for the classifier.

ately attend to tokens that affect the plausibility of common-
sense. Figure 2 is the heatmap of the attention head in the
self-attention layer evaluated on an example from X-CSQA.
It’s noteworthy to see that attention weights are given more
to commonsense-related tokens, such as “before”, “dream”
and “sleep” tokens of the example “What do you need to be
before you can dream?”. A similar phenomenon is observed
on X-CODAH as well. These attentions are weighted to cre-
ate commonsense embeddings and help our models improve
accuracy and interpretability on reasoning commonsense
knowledge.

4. CONCLUSION

In this paper, we propose a cross-lingual framework CLICKER
for commonsense reasoning. Experiments on X-CSQA and
X-CODAH demonstrate the effectiveness of CLICKER in
cross-lingual commonsense reasoning as it not only reduces
performance discrepancies of commonsense reasoning be-
tween English and non-English languages but also improves
the interpretability of commonsense knowledge across lan-
guages. The potential of our approach to be generalized to
other low-resource languages will be beneficial for alleviating
data scarcity in cross-lingual commonsense reasoning.
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