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Abstract

Commonsense reasoning is an appealing topic
in natural language processing (NLP) as it plays
a fundamental role in supporting human-like
actions of NLP systems. With large-scale lan-
guage models as the backbone, unsupervised
pre-training on numerous corpora shows the
potential to capture commonsense knowledge.
Current pre-trained language model (PLM)-
based reasoning follows the traditional prac-
tice using perplexity metric. However, com-
monsense reasoning is more than existing prob-
ability evaluation, which is biased by word
frequency. This paper reconsiders the nature
of commonsense reasoning and proposes a
novel commonsense reasoning metric, Non-
Replacement Confidence (NRC). In detail, it
works on PLMs according to the Replaced
Token Detection (RTD) pre-training objective
in ELECTRA, in which the corruption detec-
tion objective reflects the confidence in con-
textual integrity that is more relevant to com-
monsense reasoning than existing probability.
Our proposed novel method boosts zero-shot
performance on two commonsense reasoning
benchmark datasets and further seven common-
sense question-answering datasets. Our anal-
ysis shows that pre-endowed commonsense
knowledge, especially for RTD-based PLMs, is
essential in downstream reasoning.

1 Introduction

Commonsense reasoning is the underlying basis
for human-like natural language understanding of
machines. Commonsense knowledge endows nat-
ural language processing (NLP) systems with the
awareness of implicit background for how human
inference deals with the physical world. External
commonsense knowledge created by human has
been successfully applied to refine NLP systems
like dialogue (Zhou et al., 2021) and generation
(Chakrabarty et al., 2021).

Q: I saw my breath when I exhaled
because the weather is .

CLMt MLM?{ RTD|
warm 0025 0020 0.114
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\_chilly v/ 0018 0021  0.083
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(The ] (weather ] (is ] ( cold ]

confidence: 1.0

(The) (weather) (=) Cohily) -

Figure 1: An instance borrowed from (Niu et al., 2021)
that shows the bias of PLM-based inference to high-
frequency words.

As handcrafted commonsense dataset requires
much time and energy from human annotators,
many researchers turn to retrieving commonsense
knowledge from existing language systems. Large-
scale pre-trained language models (PLMs) are de-
sirable for retrieval as they have been pre-trained
on a wide variety of corpora to learn the interde-
pendency between tokens. Petroni et al. (2019)
exploit masked language modeling (MLM) strat-
egy on BERT (Devlin et al., 2019) as a knowledge
base. A series of works (Jiang et al., 2020; Al-
ghanmi et al., 2021; Heinzerling and Inui, 2021)
follow this process to prompt commonsense infor-
mation from PLMs, including GPT-2 (Brown et al.,



2020) based on casual language modeling (CLM)
strategy.

While MLM and CLM are the mainstream strate-
gies for PLM-based commonsense reasoning, there
still exists a doubt whether these learning objectives
are competent to fully understand commonsense
knowledge during pre-training. Niu et al. (2021)
pointed out that the inference based on word re-
trieval PLMs (CLM, MLM) is likely to be biased
by word frequency as presented in Figure 1. The
word frequency perturbs the inference by assigning
more positive scores to high-frequency words. The
perturbance even leads to a wrong inference that
warm is assigned a higher score than chilly in the
CLM scenario.

From the view of human beings, commonsense
knowledge represents facts in the physical world,
whose confidence is independent of the statistical
property in the corpus. The perplexity metric, bi-
ased to word frequency in the training corpus, is
inconsistent with this nature. Essentially, the prob-
lem is caused by the issue that MLM and CLM
constrain all sentence candidates to share a total
probability of 1.0. Consequently, more frequent
words will take a higher proportion of the pos-
sibility. The mutually exclusive property of per-
plexity underestimates confidence in other candi-
dates when high-frequency candidates exist. On
the other hand, when mentioning commonsense
reasoning, we refer to confidence in the piece of
knowledge rather than the existing probability of
specific textual content. We thus conclude com-
monsense reasoning to be a discrimination rather
than a generation (CLM-based generation or MLM-
based prompting), which is currently done when
calculating the sentence perplexity for the infer-
ence.

Based on the conclusion, we pursue a pre-trained
discriminator towards better commonsense reason-
ing. ELECTRA (Clark et al., 2020) is a PLM
trained by replaced token detection (RTD) in a
GAN-like scenario. The ELECTRA discrimina-
tor is trained to detect replaced tokens from an
adversarial generator. While ELECTRA does not
always perform better in supervised fine-tuning
(Clark et al., 2020), we find that the nature of the
discriminator enables it to achieve significantly su-
perior performance over other PLMs on zero-shot
commonsense reasoning. For inference, we pro-
pose a new metric, Non-Replacement Confidence
(NRC), to evaluate the integrity of fact descriptions.

We experiment with NRC on a wide variety of
commonsense-related datasets. First, we evalu-
ate the commonsense awareness of NRC on tuple
and sentence-level descriptions. Then, we apply
NRC to seven downstream commonsense question-
answering datasets. Experiment results verify NRC
to outperform perplexity-based inference by a sig-
nificant gap, showing the superiority of RTD-based
discriminator to capture commonsense knowledge.
NRC is also efficient to calculate as it does not
require mask tokens for inference.

Our analysis further discloses whether and how
commonsense understanding benefits downstream
inference. We gather evidence, including statis-
tics and cases, to explain the underlying principle
of the application of learned commonsense knowl-
edge to infer. RTD-based inference is verified to
be more critical to components interdependent by
commonsense relationships, representing a more
human-like reasoning procedure.

Our contributions are summarized as follows:

* We address the inconsistency of perplexity-
based evaluation with commonsense reason-
ing and propose the RTD-based inference to
instead evaluate the confidence.

* We implement a new RTD-based metric, NRC,
which better discriminates the commonsense
integrity of fact descriptions. Experiments
on commonsense reasoning and question-
answering verify the superiority of NRC over
conventional perplexity-based inference.

* Further analyses show NRC to be more capa-
ble in not only commonsense reasoning but
the application of knowledge for downstream
inference as well.

2 Related Work

2.1 Commonsense Knowledge

Commonsense knowledge, also known as back-
ground knowledge, is the underlying basis of logic
in the inference of humans. As commonsense
knowledge is rarely expressed in textual contents
(Gordon and Durme, 2013), many datasets (Bol-
lacker et al., 2008; Nickel et al., 2011; Yang et al.,
2015; Li et al., 2016) have been handcrafted to train
NLP systems and endow them with the ability to
make physical world-based inference.

Following the storage system in databases, com-
monsense knowledge is generally formalized as a



tuple (LT, RT, REL), e.g. ConceptNet (Li et al.,
2016). Here, LT, RT, REL respectively refer to
the left term, the right term, and the relationship
between two terms. While tuples are efficient for
storage, they are incompetent to represent relation-
ships with more than 2 terms. Wang et al. create
a sentence-level commonsense dataset, which vali-
dates the integrity of commonsense in real context.

2.2 Commonsense Reasoning with PLMs

Large-scale pre-trained language models like
BERT have drawn the most attention from the NLP
community since their introduction. PLMs show
their potential to significantly boost performance
on NLP tasks across fields. Since PLMs have
been trained on a large-scale corpus to learn in-
terdependency between components, mining from
PLM:s for commonsense knowledge becomes a new
method to create knowledge databases (Petroni
et al., 2019; Alghanmi et al., 2021; Kassner et al.,
2021). LAMA (Petroni et al., 2019) makes the
first try to gather knowledge from PLMs by gen-
erative prompts. Later works follow this process
to provide partial information in the commonsense
knowledge tuple and require PLMs to complete the
rest of the tuple.

The commonsense knowledge and understand-
ing of PLMs inspire researchers to directly apply
PLMs for downstream inference without super-
vised fine-tuning. Commonsense question answer-
ing (Roemmele et al., 2011; Zellers et al., 2018;
Talmor et al., 2019, 2022; Kocijan et al., 2020)
is commonly used to test the zero-shot inference
ability of PLMs. Similar to commonsense reason-
ing, prompts are applied to transform the question-
answer pair into a syntactically plausible sentence.
PLM-based perplexity is calculated for those trans-
formed sentences and the sentence with the low-
est perplexity is used to select the corresponding
question-answer pair (Trinh and Le, 2018; Bosse-
lut et al., 2021; Tamborrino et al., 2020). Besides
direct reasoning on answer candidates, researchers
have also tried to sample extra candidates from
generators and use pre-trained semantic similar-
ity evaluator for answer selection. (Shwartz et al.,
2020; Niu et al., 2021; Bosselut et al., 2021)

Current mainstream PLMs, BERT or GPT2, ap-
ply the conventional perplexity metric to use the
probability of generating components based on the
context. This will incorporate lexical properties
like word frequency as perturbance to the infer-

ence. Based on the nature of commonsense reason-
ing, we propose a pre-trained discriminator, like
ELECTRA, to be an alternative for better perfor-
mance.

3 PLM-based Metric

3.1 Casual Language Model

GPT2 is a PLM for text generation, which can also
be applied for inference based on the perplexity of
selection candidates. The training objective, CLM,
is optimized based on context-based next-word pre-
diction.

L = CELoss(PLMy(w1.;_1), One-hot(w;))

where CELoss is the cross-entropy loss, and One-
hot refers to the one-hot encoding. 6, w respec-
tively refer to PLM parameters and words. The
inference procedure also takes next-word predic-
tion for perplexity (PPL) calculation.

pi = p(w;|[PLMy, wi:i—1)
1 n
PPL= 3 (= log(p)
=1
where n is the length of the sentence. GPT2 calcu-
lates PPL by scoring answer choices and selecting
a candidate with the lowest perplexity.

3.2 Masked Language Model

MLM is the training objective for most bidirec-
tional PLMs like BERT and RoBERTa (Liu et al.,
2019). MLM is similar to CLM as it also uses word
retrieval as the training objective. The difference
is MLM leverages the bidirectional context for the
prediction.

L2 CELOSS(PLMQ(wl;i_l;i+1;n), One-hot(wi))

Likewise, the inference step for MLM is revised
as follows:

pi = p(w;|[PLMg, W1:i—1;i4+1:n)
3.3 Replaced Token Detection

RTD differs from the word retrieval-targeted train-
ing procedure above as it sets binary classification
as the objective. The PLM involves a discrimina-
tor which discerns replaced words in the sentence
following an adversarial architecture.



L £ BCELoss(PLMg(w1.,), f5(w;))

where fp is a Boolean function that returns whether
w; 1s corrupted by the replacement or not.

We then introduce the Non-Replacement Confi-
dence (VRC) metric for confidence evaluation.

Dbi = PLMy (wlzn)
n

NRC = = Y (~log(p)

i=1
3.4 Metric Comparison

PPL and NRC are both calculated based on nega-
tive log probability. While PPL evaluates the ex-
isting probability of a sentence, NRC reflects the
confidence of contextual integrity. Thus, lower
PPL and higher NRC on legal language indicate
more human-like choices.

Commonsense reasoning expects to understand
the underlying interdependency between abstract
concepts rather than their lexical properties. Thus,
evaluating confidence in the piece of commonsense
knowledge should include not only words in the
original sentence but their contextual synonyms as
well.

> p(Cip(wl|Cy)

wesyn(w; )

pos(wig) =

where pcg is the commonsense-targeted confi-
dence. C; = w1:j—1;i+1:n refers to the context for
w; and syn returns the contextual synonyms of w;.
Asw; € Syﬂ(wz‘), pCS(wlsn) > p(wlzn) = PPL
when the number of synonym candidates is more
than 1, indicating that perplexity always under-
estimates the commonsense-targeted confidence.
The underestimation becomes more severe when
w; 1s a low-frequency word. Furthermore, as
Y wedictP(w)) = 1 (dict is the whole dictionary
for candidate selection), the correlation between
confidence on synonym candidates is —1, which
is contradicted to the fact that synonym supports
each other for validation.

In contrast, NRC does not require all candidates
to share the distribution but evaluates individual
confidence in each candidate. Thus, there is no
underlying synonym candidate that leads to an un-
derestimation or bias toward high-frequency words.
The individual evaluation also changes the corre-
lation between synonym candidates to positive as

Metric Time Complexity
PPLcrm o(1)
PPLMLM 0] (n)
NRC o(1)

Table 1: Time complexity of different PLM-based met-
rics. The complexity counts the number of PLM for-
warding.

Metric ConceptNet SemEvaly SemEvalg
PPLGpT2-XL 65.4 78.1 58.1
PPLGpT2-M 49.6 50.1 40.3
PPLgEgrT 66.2 76.2 54.4
PPLRoBERT: 69.9 79.9 62.4
NRC 71.2 80.5 64.3

Table 2: Experiment results on tuple and sentence-level
commonsense reasoning. Bold: The best performance
on the dataset. Underline: The result is significantly
better than the second-best result. (o« = 0.01)

PLMs project contextually similar components to
near positions in the latent space (Devlin et al.,
2019). Thus, NRC is a more competent metric for
commonsense reasoning than PPL.

We also compare the time complexity of differ-
ent metrics in Table 1. Our NRC is as efficient as
the CLM-based inference since token masking is
not needed to calculate the metric, which limits the
efficiency of MLM-based inference.

4 Commonsense Reasoning

To mitigate the unfair comparison caused by the
scale of parameters, this paper compares among
large models with the same number of layers and
hidden sizes, namely BERT] ye, ROBERTay ;e
GPT2\edium and ELECTRA| ' (24-layer,
1024-hidden size). We also include GPT2xp arge
(48-layer, 1600-hidden size) for further compari-
son. Towards a strict unsupervised inference, we
do not use any development dataset for hyperpa-
rameter selection.

4.1 Commonsense Probing

4.1.1 Tuple-level Probing

ConceptNet®> uses deep neural networks to re-
trieve commonsense candidates from corpus, which
are validated by human annotators. Its training

"https://huggingface.co/google/electra-large-
discriminator
Zhttps://home.ttic.edu/ kgimpel/commonsense.html
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dataset contains more than 600, 000 tuples with dif-
ferent confidences. Its test dataset requires models
to discern between true commonsense tuples and
adversarial fake ones.

We follow LAMA (Petroni et al., 2019) to create
prompts® for tuples in the test dataset that can be
directly represented by natural languages. Then,
we differentiate the prompts by PLM-based metrics
and use accuracy to evaluate the results.

Our experiment results are presented in Table 2,
NRC significantly outperforms both CLM and
MLM-based PPL on commonsense tuple reason-
ing. Considering that transformed tuple relation-
ships are simple and unified in syntactic structures,
the discriminating ability is attributed to the under-
standing of commonsense. Thus, the results are
convincing evidence for the superiority of NRC in
commonsense validation.

4.1.2 Sentence-level Probing

SemEval2020* collects natural language state-
ments related to commonsense expression. We
experiment with two reasoning subtasks. A: Select
a statement that is against the commonsense. B:
Select a reason for why the statement is against
the commonsense. We continue evaluating and se-
lecting statements and explanations according to
different metrics.

As the results in Table 2, NRC is verified to per-
form significantly better than PPL on both differ-
entiating and explanation, validating the superior
evaluating capability of sentence-level common-
sense of NRC. PPLroBERTa 1S @ cOmpetitive metric
for differentiating since most statements use basic
vocabulary in high frequency. Also, negative cases
in SemEval are very anti-commonsense, which re-
strains the underestimation effect of PPL. When it
comes to explanation, the gap between NRC and
PPLRroBERT: DEecomes more significant since expla-
nation requires a more complex inference ability.
The comparison of sentence-level commonsense
reasoning supports NRC to be a more competent
metric for commonsense reasoning (differentiating
and explanation) than PPL.

4.2 Commonsense Question Answering

For commonsense reasoning, we are interested in
not only how well models understand common-

3All prompts in our experiments can be found in Ap-
pendix B

*https://github.com/wangcunxiang/SemEval2020-Task4-
Commonsense- Validation-and-Explanation

Method ~ Trg CSQA ARCe ARCc
Self-Talk - 324 - -
A 400 489 287
PPLGpT2-XL1 QA 422 51.0 28.8
A 349 425 265
PPLGpr2-M QA 357 439 269

Q 42.4 37.8 27.5
PPLgERT A 30.7 34.8 25.3

QA 350 37.2 24.7
Q 45.7 38.6 33.7
PPLRoBERT: A 31.2 33.8 27.7
QA 400 37.7 31.9
Q 49.5 47.4 36.8
NRC A 47.4 47.3 37.1
QA 518 51.7 384

Table 3: Experiment results on phrase selection.

sense but also how well models leverage the un-
derstanding for downstream inference. Common-
sense question answering is a commonly used
downstream task for the practice of commonsense
understanding. We also include sampling-based
baselines’ (Self-Talk (Shwartz et al., 2020), CGA
(Bosselut et al., 2021), SEQA (Niu et al., 2021))
and other strong baselines to see if NRC achieves
state-of-the-art performance.

4.2.1 Phrase Selection

CommonsenseQA® (CSQA) provides remark-
able resources for commonsense-targeted question
answering since it builds question-answer pairs
based on ConceptNet. The annotators create ad-
versarial choices based on the subgraphs in Con-
ceptNet. Specifically, negative choices are sampled
from terms related to the question in ConceptNet,
making differentiating confusing for models with-
out strong commonsense understanding.

ARC’ is a commonsense question answering
challenge that also selects phrases for science ques-
tions. The difficulty of questions is at the grade-
school level and the dataset is split into the easy
part (ARCg) and the challenging part (ARCc).
We follow previous works (Shwartz et al., 2020;
Niu et al., 2021) to calculate the metrics on differ-
ent targeted components (Question (Q), Answer

5These methods generate many answer candidates from
GPT?2 to support the selection. They are more complex and
time-consuming.

®https://www.tau-nlp.org/commonsenseqa

"https://allenai.org/data/arc
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Method Trg COPA Swag
Self-Talk - 68.6 -
CGA - 72.2 -
SEQA - 79.4 -

A 73.6 65.3
PPLeP2XL A 716 649

A 684  59.7

PPLGrroM QA 666 59.1
Q 642 445
PPLggrr A 612 634
QA 642  64.1
Q 706 48.1
PPLroprra A 684  71.0
QA 752 745
Q 826 245
NRC A 712 714
QA 784 754

Table 4: Experiment results on sentence selection.

(A), Question+Answer (QA)) for inference. The
selection results in depicted in Table 3. NRC out-
performs PPL based on PLM on the same scale
by a large margin (6.1, 7.8, 4.7 accuracy score),
indicating NRC to be also superior in using com-
monsense for inference. For the easy part of ARC
(ARCp), large-scale models like GPT2x;, seem to
be able to compensate for bias in metric. However,
when the questions become more challenging in
ARCg, the gap again reaches about 10.0 accuracy
scores, showing the inherent differences between
NRC and PPL in commonsense reasoning ability.

4.2.2 Sentence Selection

COPA?® is a simple commonsense-targeted ques-
tion answering dataset. COPA is interested in en-
tailing a sentence by choosing a possible cause or
effect of it.

Swag’ is a large-scale commonsense question
answering dataset with more than 20, 000 test data.
The question is formulated as entailment that aims
to satisfy the contextual integrity in commonsense.

Experiment results on sentence selection are pre-
sented in Table 4. NRC again shows superior per-
formance over PPL (7.4 on COPA, 2.9 on Swag),
validated by the large Swag dataset. This verifies
the superiority of NRC in the application of phrase
and sentence-level commonsense understanding
for downstream inference. Compared to sampling-

8https://people.ict.usc.edu/ gordon/copa.html
*https://rowanzellers.com/swag/

Method Trg SCT SQA CQA
Self-Talk - 704 475 36.1
CGA - 715 454 422
SEQA - 832 475 56.1

A 706 414 355
PPLGrr2-x1 QA 715 414 311

A 540 356 270

PPLGpT2-M QA 554 354 182

Q 635 357 329
PPLggrr A 582 354 307
QA 612 385 296
Q 615 371 386
PPLpoprrta A 67.3 414 36.1
QA 717 415 365
Q 650 428 412
NRC A 747 430 419
QA 771 451 443

Table 5: Experiment results on context-based selection.

based methods, the outstanding performance of
NRC also boosts state-of-the-art. The question
part of Swag is not very useful for NRC probably
because these questions are not dependent on the
answer choices on the view of ELECTRA, which
prefers to use the answer part of this dataset for
inference. But when evaluating the whole question-
answer pair (QA), NRC always performs better
than PPL.

4.2.3 Context-based Selection

StoryClozeTesth (SCT) is a story entailment
dataset that collects 5-sentence stories with multi-
ple ending candidates. We use the first three sen-
tences as context and the fourth as the question.

SocialiQA'! (SQA) contains questions about in-
teractions of people in social activities. The con-
text describes a social circumstance with related
aspects, and the question asks the model to select a
proper interaction.

CosmosQA!? (CQA) is similar to COPA as it
also asks the cause and effect of events. The dif-
ference is that CosmosQA provides an event back-
ground as the context for the question. Also, the
answer of CosmosQA is longer than other datasets,
which increases the difficulty for inference.

As in Table 5, NRC outperforms PPL based on
PLMs in the scale and the large-scale GPT2x e

https://cs.rochester.edu/nlp/rocstories/
"https://leaderboard.allenai.org/socialiga/submissions/public
Phttps://wilburone.github.io/cosmos/
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Method CSQA ARCg ARCc COPA Swag SCT SQA CQA
PPLgprom  35.7(0.0) 428 (-1.1) 27.5(0.6) 69.4(1.0) 59.3(0.2) 53.2(-22) 33.7(-1.9) 26.9(-0.1)
PPLgrr  42.1(-03) 363 (-1.5) 27.1(-04) 66.6(2.2) 63.5(-0.6) 63.0(-0.5) 36.7(-1.8) 32.1(-0.8)
PPLroperta 45.0 (-0.7) 37.3(-1.8) 332(-0.5) 74.4(-08) 732(-1.3) 72.1(0.4) 41.2(-03) 38.6(0.0)
NRC 523(0.5) 51.9(02) 39.8(1.4) 84.2(1.6) 74.6(-2.8) 76.6(-0.5) 46.6(1.5) 44.5(0.2)

Table 6: Effect of the removal of stop words. Underline: The removal results in a significant improvement.

Method Accuracy (T) Affected Ratio (J,) AW PPLGPT2—M PPLBERT PPLROBERTa NRC
PPLGpr2-M 47.2 30.4 0.00 35.7 424 45.7 51.8
PPLBERT 58.0 30.2 0.25 355 41.8 45.0 51.9
PPLRoBERTa 64.4 25.6 0.50 35.9 41.2 44.8 52.2
NRC 72.4 224 0.75 35.7 40.6 44.0 51.7

1.00 35.7 40.2 43.6 51.7

Table 7: Affect of synonym replacement on different
inference methods. Accuracy is the ratio of correct
selections after the replacement. Affect Ratio refers to
the ratio of previous correct selections that are turned
into faults by the replacement.

by a significant gap. On datasets with a long con-
text (SCT and CQA), the gap becomes larger, re-
flecting the capability of NRC to understand the
interdependency between terms in more complex
contexts. On context-based selection, the sampling-
based method on GPT2xp aree still holds state-of-
the-art, which indicates that larger-scale language
models still encode more knowledge in the network
with much more parameters. However, the genera-
tive nature limits the understanding of the knowl-
edge and sampling is essential to generate multiple
candidates to fully retrieve the knowledge from
the network. We believe that better performance
and efficiency will be achieved by a larger-scale
ELECTRA, which is left for future work.

S Further Analysis

5.1 Source of Reasoning Ability

Stop Word For models that leverage common-
sense to infer, stop words actually add noise to the
inference as humans rarely use them for common-
sense reasoning. Thus, we remove the scores calcu-
lated on stop words and test whether this will boost
the performance of PLM-based metrics. We sam-
ple stop words from the pool provided by SpaCy to
set articles and pronouns as stop words.

Shown in Table 6, NRC benefits the most from
the removal of stop words, which leads to (signifi-
cant) improvement on 6 (4) out of 8 datasets. We
thus conclude that NRC better takes advantage of
the non-trivial components to infer.

Table 8: Benefits of extra weights on question concepts.
Bord: Best performance of each PLM.

Synonym Replacement We verify the advantage
of NRC-based inference facing words with multi-
ple synonyms by testing the accuracy of answer
selection after synonym replacement. For imple-
mentation, we sample synonyms from Wordnet in
NLTK for 10% words in each question and answer
text of the COPA dataset.

The results of our experiments are presented in
Table 7. Our NRC retains the highest performance
compared to other metrics and still keeps a large
margin. Also, NRC is the least likely to be affected
by the replacement. Thus, the superiority of NRC
over PPL facing synonyms is verified.

Question Concept CommonsenseQA annotates
the commonsense-related phrase in each question.
These phrases are connected to answer candidates
in ConceptNet. For models adept at using common-
sense for inference, a higher weight on the phrase
should be beneficial for the inference. We thus add
extra weights (AW) and investigate the effect on
different metrics.

Table 8 presents the effect of concentration on
question concepts. Extra weight negatively con-
tributes to the inference of MLM-based PLMs, in-
dicating that they are unsuccessful in applying com-
monsense understanding to infer. As the negative
candidates are also sampled from the neighbors
of the question concept in the ConceptNet, these
models are confused by ambiguity. Compared to
PPLGp12-M, ELECTRA-based NRC benefits more
from the extra weight. This verifies our claim that
a discriminator better models commonsense knowl-
edge and leverages them to infer.
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Figure 2: Distribution of the word-level differences in
log probability. Dashed line: Average difference.
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Figure 3: Relationship between word frequency and its
contribution to the inference.

5.2 Specific Statistics

Difference Distribution We depict the differ-
ence distribution of log probability on COPA in
Figure 2. We compare the predicted probability on
the question part when it is attached by a positive or
negative choice. Words are viewed as voters whose
contribution to the positive choice is reflected by
the difference. PPLGpr2-M 1s not included since
the answer makes no difference for the question
component for unidirectional PLMs. Compared to
NRC, PPL difference is more likely to distribute
around 0.0, indicating its lower differentiating abil-
ity. Also, the average value of NRC difference is
greater than PPL difference, again supporting the
stronger inference ability of NRC.

Contribution v.s. Frequency We continue
studying the contributions of word voters. We
count the frequency of words in the COPA dataset
and show the relationship with their contributions
in Table 3. On words with frequency < 10, NRC
evaluation provides more positive and stable sup-
port to the right answer. The results verify our
claim that NRC better evaluates the semantics of
low-frequency words. The advantage of NRC over
PPL decreases when the frequency rises, but NRC
still holds the superiority as high-frequency words
also suffer from the confidence taken by synonyms.

Method CSQA COPA SCT

PPLGgpraom  33.8(-1.1) 61.0(-7.4) 52.5(-1.5)
PPLEBERT 23.0(-7.7) 59.8(-1.4) 59.0(0.8)
PPLRroperTa  35.2(4.0) 64.2(-4.2) 65.4(-1.9)
NRC 439 (-3.5) 74.8(3.6) 81.5(6.8)

Table 9: Performance of conditional probability-based
method. Results in bracket are the difference between
answer-based probability.

5.3 Conditional Method

Using the conditional probability of PPL
(Mutuallnfo-QA) is a conventional way to mitigate
the lexical bias in PPL calculation (Niu et al.,
2021). Namely, % is used instead of p(A) for
inference. p(A) is divided to reduce the effect of
the lexical property of the answer. We experiment
with Mutuallnfo-QA on CSQA, COPA, and SCT
datasets. For comparison, we also adapt NRC
to conditional NRC by using confidence as the
probability to calculate %.

The results in Table 9 reflect the performance
of conditional probability on three commonsense
question-answering datasets. Conditional NRC still
outperforms other conditional metrics on all three
datasets. On COPA and SCT, NRC significantly
benefits from using a conditional version, while
PPL only receives a minor improvement or even
a drop-down in performance. This shows the re-
moval of initial probability is beneficial to NRC
since the confidence might vary among different
consistent texts. The conditional probability of
NRC backfires on CSQA, which can be explained
by the length (1.5 on average) of answers on CSQA
datasets. As the answer is much shorter than the
text used for ELECTRA pre-training, the value of
p(A) will add much noise to the inference. In sum-
mary, while conditional probability occasionally
benefits PPL, it will benefit NRC more unless the
answer text is too short.

6 Conclusion

This paper suggests replacing perplexity with con-
fidence to make the commonsense-targeted reason-
ing. We investigate the bias in the application
of perplexity for inference. We propose a supe-
rior alternative, RTD-based non-replacement confi-
dence, for better evaluation. Experiments on a wide
range of commonsense reasoning and question-
answering datasets provide a comprehensive analy-
sis for the superiority of NRC.
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Dataset Npge Na Lo La  Lco
CSQA 1140 5 132 1.5 -
ARCg 2376 4 19.6 3.7 -
ARCc 1172 4 206 5.0 -
COPA 500 2 6.1 5.0 -
Swag 20005 4 124 11.2 -
SCT 1571 2 89 74 264
SQA 3525 3 11.2 50 19.6
CQA 6510 4 120 74 439

Table 10: Statistics of datasets in our experiments.
Ninst, Na: Number of instances and answer candidates.
Lq, La, Lc: Average length of the question, answer,

and context.

Rel. Prompt

IsA AisaB.
CapableOf AisabletoB.
NotCapableOf A isunableto B .
UsedFor AlisusedtoB .
MadeOf Aismade of B ..
PartOf Aispartof B .
HasAttribute  Ais very B.
HasA AhasaB.

Table 11: Prompts used in experiments on ConceptNet.

A Dataset Statistics

The statistics of datasets in our experiments are
presented in Table 10.

B Prompts

The prompts we used in experiments on Concept-
Net are listed in Table 11. For SemEvalg, we use
the prompt "A" is not true because B. to select an
explanation for unreal commonsense expression.
Prompts for question answering follow the previ-
ous configuration (Niu et al., 2021) by attaching
the answer after the question.

C Rank of the Choice

The accuracy only counts the matching between
the golden answer and the first-rank choice. We
show the ranking distribution of selected answers in
Table 4 to further investigate the inference results.
On the easy subsets of ARC, there does not exist
a prominent advantage of NRC according to the
second-rank choice rates. But when the questions
become challenging, the rate of golden answers
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Figure 4: Ranks of PLM-based selection on easy and
challenging ARC.

in the second rank rises, reflecting the superior
capability of NRC in more challenging question
answering.



