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Abstract:   Imparting human-like commonsense to machines is a long-term goal in the artificial intelligence community. To achieve this
goal, constructing large-scale commonsense knowledge resources is an important step. In recent years, due to increasing demand, com-
monsense knowledge has become a rapidly growing research field, resulting in a surge of new acquisition methods and corresponding re-
sources. These advances have empowered a variety of downstream AI tasks. However, constructing large-scale commonsense knowledge
resources remains an ongoing and challenging task. It is still difficult to efficiently collect large-scale, high-quality commonsense know-
ledge. In this paper, we systematically review recent advances in commonsense knowledge acquisition methods and resources, providing
a comprehensive summary of recent research scope, the characteristics of different resources, and unsolved challenges.
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 1   Introduction

Commonsense has been a longstanding topic in the AI

community since the 1950s[1, 2]. The goal of machine com-

monsense is to create programs that can behave like com-

mon  people  who  share  commonsense,  i.e.,  knowing  the

facts  that  almost  everyone  knows  and  having  the  basic

ability to understand and judge, as we expect of common

people.  Commonsense  seems  ordinary  for  humans  and

does  not  require  expertise[3].  Even  a  typical  little  child

can possess the ability to utilize commonsense. However,

after  about  sixty  years,  commonsense  remains  a  critical

unsolved problem for AI[4].  Large modern machine learn-

ing  models  like  GPT-3  still  shows  shortcomings  in  com-

monsense[5].  It  is  believed  that  the  progress  in  machine

commonsense will benefit wide range of AI areas, such as

text understanding and generation[6–8], computer vision[9],

planning and decision-making[10].

Commonsense  knowledge  is  often  implicit  in  human′s
everyday  life  and  rarely  formally  recorded.  It  is  difficult

to  programmatically  store,  transfer,  and  utilize.  There-

fore, acquisition of commonsense knowledge is regarded as

an important part of solving machine commonsense prob-

lems,  which  involves  representing  commonsense  know-

ledge  in  machine  accessible  form  and  collecting  it  from

humans. In recent years, driven by new acquisition meth-

ods  and  sources,  commonsense  knowledge  resources  are

rapidly growing, and deeply incorporated with the latest

AI  systems  in  natural  language  processing.  Most  of  re-

cent  commonsense  projects  are  based  on  natural  lan-

guage  and  loosely  structured  representation[11, 12],  which

makes knowledge resources easier to collect and integrate

with  natural  language  processing  systems.  As  a  result,

commonsense  knowledge  has  promoted  the  performance

on various natural language processing (NLP) tasks[13–17].

Also,  automatic  commonsense  knowledge  acquisition  has

widely  benefited  from  recent  pretrained  language

models[18, 19]. The related research not only enriches avail-

able  commonsense  resources  but  also  brings  a  new  win-

dow to understand the self-supervised learning results  of

language models.  Despite these advances,  there are chal-

lenges  in  knowledge  resource  construction,  which  limit

the size, diversity and feasibility. A thorough review can

inspire better improvement and application of such com-

monsense knowledge resources.

In  this  survey,  we  focus  on  summarizing  recent  ad-

vances in commonsense knowledge resource construction.
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The outline of this survey is shown in Fig. 1. First, we in-

troduce  current  research  scope  of  commonsense  know-

ledge,  including  the  definition,  characteristics  and  cat-

egories of the commonsense knowledge. All the works we

reviewed in  this  paper  are  covered by them.  Second,  we

put a brief summary of knowledge representation in exist-

ing commonsense knowledge resources, providing an intu-

itive understanding of the results of commonsense know-

ledge  acquisition.  Third,  we  sort  out  the  acquisition

methods of commonsense knowledge and describe the rep-

resentative  projects  in  detail.  Finally,  we  discuss  several

upcoming  challenges  in  commonsense  knowledge  re-

sources construction.

Related surveys. Since commonsense is a longstand-

ing topic,  there are surveys and reviews in different eras

and  different  subareas.  Reference  [20]  is  a  relative  early

textbook  about  logic-based  formalizations  for  common-

sense  knowledge.  References  [3, 21]  are  recent  surveys

about  logic-based  commonsense  reasoning.  References  [6,

22, 23]  review  recent  commonsense  reasoning  bench-

marks  and  methods.  Different  from  them,  this  survey

concentrates  on  recent  methods  in  commonsense  know-

ledge  acquisition  and  corresponding  commonsense  know-

ledge resources. In this thread, the most recent survey is

[24],  which  categorizes  commonsense  knowledge  acquisi-

tion  systems  before  2013.  Since  then,  there  have  been  a

number of new emerging methods and projects, which are

the focus of this paper.

Goals of this paper. The goals of this paper include:

1)  Providing the readers  with a better  understanding

of the state of commonsense knowledge acquisition.

2)  Summarizing  publicly  available  commonsense

knowledge resources  in  different  dimensions,  highlighting

their respective strengths.

3) Pointing out the main weaknesses and challenges of

commonsense knowledge resources construction.

 2   What do we know about commons-
ense knowledge

 2.1   Defining commonsense knowledge

Commonsense knowledge is widely possessed by com-
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mon people. However, it is rather difficult to systematic-

ally and formally define what commonsense knowledge is,

and  how  to  build  an  AI  system  that  masters  common-

sense  knowledge.  There  are  many  definitions  summariz-

ing commonsense knowledge in different aspects, such as:

“The  millions  of  basic  facts  and  understandings  pos-

sessed by most people.”[25]

“Roughly, what a typical seven-year-old knows about

the world.”[3]

“Commonsense  knowledge  includes  the  basic  facts

about  events  (including  actions)  and  their  effects,  facts

about knowledge and how it is obtained, facts about be-

liefs and desires. It also includes the basic facts about ma-

terial objects and their properties.”[2]

“This unstated background knowledge includes: a gen-

eral understanding of how the physical world works (i.e.,

intuitive  physics);  a  basic  understanding  of  human

motives  and  behaviors  (i.e.,  intuitive  psychology);  and

knowledge  of  the  common  facts  that  an  average  adult

possesses.”[26]

“Commonsense  knowledge  differs  from  encyclopedic

knowledge in that it deals with general knowledge rather

than the details of specific entities.”[27]

However,  such  definitions  still  involve  many  vague

concepts  like “understanding”, “basic” and “intuitive”,

which are difficult to explain clearly. In general, it is still

difficult  to  draw  a  systematical  definition  that  exactly

clarifies  the scope and challenges  of  commonsense  know-

ledge research. Much of recent work in AI often emphas-

ize  the  absence  of  commonsense  rather  than  what  com-

monsense  exactly  is[28].  In  practice,  the  definitions  only

provide abstract guidance and roughly depict the bound-

ary of commonsense knowledge. Researchers pay more at-

tention to some known problems rather than give a com-

plete picture.

In this survey, we use a working definition that com-

monsense  knowledge  is “everyday  knowledge  about  con-

cepts,  events  and  actions,  which  is  shared  by  most  of

people and can be used to draw intuitive physics and so-

cial  inferences”. The definition guides us to focus on the

main  domains  of  current  commonsense  knowledge  re-

sources.

 2.2   Characteristics

Although it is difficult to systematically and formally

define what commonsense knowledge exactly is, people do

emphasize  some  characteristics  in  AI  research  practice,

which include:

1) Commonality. Commonsense  knowledge  is  often

described as widely mastered by common people. Though

there  is  no  clear  boundary,  it  is  often  emphasized  that

commonsense  knowledge  is  different  from  expertise.  It

comes from everyday experience rather than special edu-

cation.

2)  Implicitness. Commonsense  knowledge  is  often

described  as  unspoken  background  knowledge[29].  People

take it for granted, so there is often no need to express it

explicitly  in  use.  Therefore,  commonsense  knowledge  is

not often directly expressed in corpus, which increases the

difficulty  of  automatically  acquiring  machine-accessible

commonsense knowledge from texts.

3) Generality. In commonsense knowledge research,

we care more about the general knowledge about a class

of  entities  or  events,  rather  than  specific  entities  or

events.  Although “Washington  is  the  first  president  of

the US” is widely-known, such factual knowledge is usu-

ally not the focus of research.

4)  Wide-range. Commonsense  knowledge  covers

wide  range  of  domains  and  has  large  scale  in  quantity.

Therefore,  it  is  difficult  to  list  all  commonsense  know-

ledge  that  people  own.  Millions  of  statements  in  current

resources are still far from enough.

5) Default  and uncertainty. Unlike  factual  know-

ledge,  commonsense  knowledge  is  often  default  assump-

tions or a set of salient possible cases. Thus, it is defeas-

ible  when  given  a  specific  context.  For  example,  we  as-

sume “birds  can  fly” by  default,  but  we  do  know  there

are exceptions like penguins.

 2.3   Category

Another  way  to  trace  commonsense  knowledge  is  to

divide it in several specific known dimensions or categor-

ies.  There  have  been  great  efforts  to  organize  the  scope

and taxonomy of commonsense knowledge[30, 31]. However,

it  is  still  difficult  to  exhaust  all  possible  commonsense

knowledge  categories  clearly  without  dispute.  Hence,  we

mainly  focus  on  the  well-explored  areas.  We  propose  a

coarse-grained category system by summarizing the scope

of  existing  resources.  The  system  mainly  highlights  the

relations or predicates appeared in knowledge statements,

which are the main categorization factors in recent com-

monsense resources.
 2.3.1   Intuitive physics

The first part in our category division is about intuit-

ive understanding of physical world, which includes:

1)  Time. Temporal  relations  are  important  parts  of

eventuality  commonsense  knowledge.  Many  resources

capture  the  time  ordering  of  different  events  (before/

after), or the sub-event relations. For example, it is com-

monsense that people close the door before starting a car.

2)  Location. The  common  location  of  things  is  an-

other  well  researched  category.  Most  projects  capture

coarse-grained “located-at/near” relations,  such  as  the

books are often in bookstores, libraries and bookcases.

3)  Causality. This  category  includes  the  general

cause  and  effect  relations  between  events,  states  and

properties. For example, “drinking causes dizziness” (suf-

ficient  causes)  and “passing  exams  is  the  prerequisite  of

graduating” (contributory  causes).  Some  resources  also

include the obstacles that hinder some actions or the cre-
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ation process of some objects, which are related to causal-

ities.

4) Capability. We know the capability of  some hu-

mans or animals, such as “a teacher can teach a lesson”.

Also,  we know what people  can do with a specific  thing

(the  affordance  of  things),  such  as “key  can  be  used  to

open door”. Both of these are parts of our commonsense

knowledge.

5)  Property. Our  commonsense  knowledge  includes

wide  range  of  physical  properties  related  to  an  object,

such  as  material,  shape,  color,  taste,  temperature,  etc.

The  examples  include “sun  is  round” and “fire  is  hot”.

Also,  the  quality  of  creatures  has  similar  expressions,

such  as “tiger  is  carnivorous” and “professor  is  know-

ledgeable”.  Further,  we  also  consider  components  and

possessions  as  property  knowledge,  such  as “human  has

feet”.
 2.3.2   Intuitive psychology

From  the  everyday  experience  of  social  interaction,

people  obtain  the  intuitive  psychology  understanding  to

explain  and predict  actions  and mental  status  of  others.

We summarize  several  categories  of  commonsense  know-

ledge that are related to intuitive psychology as follows.

1) Desire. With the knowledge about desire, we can

infer what others may expect to happen or not, based on

their  identity  and  status.  For  example, “students  desire

to pass exams” and “starving people desire to have food”.

2) Intent. The intent is something we use to explain

expected goal behind the certain behaviors of people. It is

related to people′s  desire  and belief  of  causality.  For ex-

ample,  we  know if  someone  publishes  advertisement,  his

intent may be to bring better income to his business.

3)  Emotion. We  also  have  the  intuitive  knowledge

about how the emotion of people changes in certain situ-

ation.  For  example,  we  know  people  can  be  joyful  after

participating in a party.
 2.3.3   Others

There is other more abstract understanding that is ar-

guable taken as commonsense knowledge. These categor-

ies may overlap with other categories to some extent.

1)  Taxonomy. People  have  the  knowledge  about

classification  of  concepts  and  their  hierarchy,  such  as

“bread  is  a  kind  of  food”.  Such  knowledge  is  considered

as  part  of  commonsense  knowledge,  but  it  is  also  well

studied in linguistic resources and ontology.

2) Language. The basic knowledge about language is

sometimes  seen  as  commonsense  knowledge.  Some  com-

monsense  knowledge  resources  include  synonyms,  ant-

onyms, and etymology of concepts.

3) Similarity. Different degrees of concept similarity

are  included  in  commonsense  knowledge  resources.  Syn-

onyms and antonyms can be seen as strong similarity and

distinctness.  There  are  also  weaker  or  general  similarity

between concepts, such as “wholesome food” and “organ-

ic food”.

4)  Comparison. Some  commonsense  resources  also

capture the comparison between objects in some aspects.

For example, “elephant is heavier than human” and “air-

plane is faster than bus”.

5) Part-whole. This  category of  knowledge includes

general “is  part  of” relations  between  concepts,  and  can

be further specified in different domain, such as the tem-

poral part-whole (sub-event), spatial part-whole (located-

in) and the social part-whole (member-of).

 3   The representation of commonsense
knowledge

In  this  section,  we  briefly  summarize  existing  repres-

entations  of  commonsense  knowledge.  As  illustrated  in

Table  1,  there  are  mainly  three  kinds  of  representations

for commonsense knowledge: logical formalization, natur-

al language, and knowledge graph.

  
Table 1    Different representations for commonsense knowledge

“birds are feathered”

Representations Examples

Logic ∀xBird(x) ⇒ Feathered(x)

Natural language “Birds are feathered”

Knowledge graph (Bird, has property, feathered)

 

 3.1   Logical formalization

∀xBird(x) ⇒
Feathered(x)

In  the  early  age  of  commonsense  research,  the  com-

munity preferred to create logical formalization to repres-

ent  commonsense  knowledge  and  reason  about  it[20].  In

this  perspective,  commonsense  knowledge  is  clearly  en-

coded  as  logic  statements,  such  as 

 in Table 1, and the reasoning is implemen-

ted  as  logic  inference.  However,  decades  of  efforts  show

that logic is  still  unable to formalize wide range of com-

monsense. And due to the difficulty of compilation, it of-

ten requires well-trained experts in knowledge acquisition.

These  weaknesses  make  logical  formalization  not  so  ap-

pealing  in  recent  projects.  Nevertheless,  logic-based  rep-

resentation  still  has  unique  advantage  in  expressing

knowledge exactly and adequately.

 3.2   Natural language

Since it is still difficult to create the logical formaliza-

tion  that  is  competent  enough  for  commonsense  know-

ledge,  the  community  now  pay  more  attention  to  free-

form  representations,  and  especially  emphasize  the  im-

portance  of  natural  language[32].  Just  like  the  examples

mentioned  in  this  paper,  natural  language  is  the  direct

way  for  us  humans  to  express  commonsense  knowledge,

and it is expressive enough to cover wide range of know-

ledge. The weakness is that natural language is imprecise,

variable, and ambiguous, and it is not clear how machine
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can  utilize  the  commonsense  knowledge  represented  by

natural language. However, with the development of nat-

ural  language  processing  systems,  the  weaknesses  could

be alleviated.

 3.3   Knowledge graph

Loosely  structured  knowledge  graph  is  the  main-

stream  representation  in  emerging  commonsense  know-

ledge  projects.  In  this  way,  the  commonsense  knowledge

is  represented  as  (head,  relation,  tail)  triples,  such  as

(bird, has property, feathered) in Table 1. The head and

tail can be concepts or eventualities expressed in natural

language phrases.  The relation can be from a predefined

set  or  an  open  vocabulary.  Usually,  the  triples  can  be

translated  into  natural  language  using  templates.  There-

fore,  such representation is  mostly based on natural lan-

guage but follows some predefined structure. To make the

semantic  clear  and  precise,  recent  work  also  try  to  ex-

tend the triple representation with additional aspects and

qualifiers, such as the degree of typicality and applicable

scope.

 4   Manual acquisition methods and
resources

In  Sections  4.1  and  4.2,  we  introduce  the  common-

sense  acquisition  methods  and  representative  projects

that rely on human labor. Based on the main contributor,

we  divide  them  into  expert  compilation  and  crowd-

sourcing.  Manual  acquisition  of  commonsense  resources

has decades of history. Until recently, most of high-qual-

ity  commonsense  resources  still  come  from  manual  con-

struction. We will briefly review some classic projects and

focus on recent manually constructed resources.

 4.1   Expert compilation

 4.1.1   Method summary

Expert  compilation  is  an  expensive  but  effective  way

to construct commonsense knowledge resources. As shown

in Fig. 2,  a  group  of  experts  are  responsible  to  sum  up

commonsense  knowledge  in  their  mind  and  transform  it

into  machine-accessible  format.  It  is  the  typical  way  for

early commonsense knowledge projects that adopt logical

formalization  for  representation,  which  requires  well-

trained experts to follow the strict compilation specifica-

tions.  Such  resources  often  have  high  quality  and  con-

struction cost. We note some represented projects as fol-

low.

 4.1.2   Representative resources

Cyc[33]. Cyc is the most famous expert-compiled com-

monsense knowledge base. It was started in 1984 by Len-

at,  and  now  it  is  maintained  by  Cycorp.  It  is  an  ambi-

tious  high-cost  project  that  aims  to  manually  encode

commonsense  knowledge  of  humans  from  different  do-

mains.  As  shown  in Fig. 3,  Cyc  uses  a  dedicated  repres-

entation language, CycL, which is based on first-order lo-

gic  and  has  extensions  for  modal  logic  and  higher-order

quantification.  Trained experts  and volunteers  keep con-

tributing  commonsense  knowledge  via  CycL  and  con-

structing efficient special-purpose inference engines. After

decades of development, Cyc has grown to more than 1.5

million  concepts  and  25  million  assertions.  Most  of  the

content  is  not  publicly  available.  There  were  two  public

releases of Cyc. OpenCyc is released under the Apache li-

cense.  It  mainly  includes  the  taxonomic  knowledge.  The

latest  version  (OpenCyc  4.0,  released  in  2012)  contains

239 000 concepts and 2 039 000 facts. ResearchCyc is a re-

lease for research purposes but no longer supported after

2019.  It  contains 500 000 concepts  and 5 000 000 facts,

which cover more knowledge categories.

Gordon  and  Hobbs′ axioms [30]. Gordon  and

Hobbs[30] compile  a  set  of  axiomatized  theories  of  com-

monsense knowledge, which aims to capture abstract con-

cepts  and  relationships  across  a  wide  range  of  common-

sense psychology domains. They deliberately focus on the

coverage  of  concepts  in  the  first  stage,  and then formal-

ize content into logic theories in the second stage. Based

on  large-scale  analysis,  they  identify  the  domains  in-

volved by commonsense  psychology concepts,  and codify

axiom  sets  for  different  domains  via  first-order  logic.  In

total,  they  currently  create 1 400 axioms  organized  into

16  background theories  and  29  commonsense  psychology

theories,  which  involves  causality,  time,  location,  goal,

emotion and many other domains.

 

    If X is a red apple,    

then its color is red.  
Expert

Directly compiling commonsense
knowledge in formal language

(#$implies (#$isa ?x #$RedApple)

(#$colorOf ?x #$Red))

 
Fig. 2     The typical process of expert compilation

 

 

(relationAllExistsCount Dog

anatomicalPart Leg 4)

Cyc: “Dogs have four legs”

(forall (a e) 

 (if (agentOf a e) 

(and (agent a)(cause a e))))

Gordon and Hobbs: “The agent of an

event is an agent that causes it”

Fig. 3     The knowledge excerpts from Cyc and Gordon and Hobbs′ axioms[30]
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 4.2   Crowdsourcing

 4.2.1   Method summary

The high cost of expert compilation restricts the scale

expansion  of  commonsense  resources.  As  commonsense

knowledge  is  widely  mastered  by  common  people,  it

should be a more efficient way to include common people

in  the  knowledge  acquisition  rather  than  only  experts.

The  Internet  makes  it  possible  to  create  large  common-

sense knowledge resources via crowdsourcing.

A typical process of crowdsourcing is shown in Fig. 4.

The experts of a commonsense project design the acquisi-

tion guidelines and develop the acquisition program. Fol-

lowing the guidelines, a group of common people particip-

ate the project through the Internet and interact with the

online acquisition program, which can range from annota-

tion  forms  to  special  games  with  purpose[34].  The  collec-

ted  results  are  then  further  processed  into  target  know-

ledge representations.

However,  involving  common  people  in  commonsense

knowledge acquisition also brings challenges. Logic-based

knowledge  representations  are  too  difficult  for  common

people.  Hence,  the  crowdsourcing  projects  mainly  collect

knowledge  represented  in  natural  language  or  loosely

structured  knowledge  graph.  Another  challenge  is  to  en-

sure  the  quality  and  coverage  of  the  collected  results.

Since  commonsense  knowledge  is  often  open-ended,  it  is

difficult  to  automatically  verify  the  agreement  between

workers.  To  tackle  the  challenge,  researchers  come  up

with  various  carefully-designed  schemes.  Recent  work

usually first collect diverse text materials (e.g., event de-

scriptions  or  stories)  and  ask  crowdsourcing  workers  to

summarize  related  commonsense  with  constraints  rather

than  write  assertions  freely.  Also,  some  work  introduce

gamification[35] in  commonsense  knowledge acquisition to

make the collection process more attractive and improve

the data quality.

Crowdsourcing has  become the dominant way to col-

lect  high-quality commonsense knowledge.  Most  of  influ-

ential  commonsense  knowledge  projects  are  collected  via

crowdsourcing  platform.  We  detail  some  representative

projects as follow.
 4.2.2   Representative resources

OMCS[36]. Open  mind  commonsense  (OMCS)  is  an

early  online  project  to  acquire  commonsense  knowledge

from  general  public  and  active  from  1999  to  2016.  At

first,  it  aimed  to  gather  commonsense  knowledge  facts

represented in natural language, as illustrated in Fig. 5. It

presented users with prompt materials (e.g., a story) and

asked them to write useful knowledge in free-form natur-

al language. The collected resources could be handed over

to  information  extraction  systems  to  construct  more

standard representations. The first version of the project

gathered 456 195 pieces of commonsense knowledge. After

that,  the  project  decided  to  introduce  templates  to  re-

strict the user input and use other methods to clarify the

entered  knowledge.  Also,  the  project  designed “games

with a purpose”[35] to collect commonsense knowledge in a

more entertaining way. In the end, the project has collec-

ted millions of English commonsense knowledge facts and

extended to several other languages.

ConceptNet[11]. ConceptNet  is  a  knowledge  graph

created from OMCS and becomes its actual successor. As

shown in Fig. 5, it focuses on several predefined relations

between  concepts.  The  main  part  of  the  resource  is  ex-

tracted  from OMCS and  its  sister  projects  via  syntactic

patterns and shallow parsing. It also integrates taxonom-

ic and language knowledge from OpenCyc, WordNet and

Wiktionary.  Currently,  ConceptNet  has  become  a  large-

scale  multilingual  commonsense  knowledge  base.  Its  re-

cent  release  (ConceptNet  5.7)  contains  34  million  know-

ledge tuples about 34 relations.

CSLB[37]. The  centre  for  speech,  language  and  the

brain  (CSLB)  concept  property  norms  are  a  resource

about  concepts  and their  normalized features.  It  is  com-

pleted  by  qualified  participants  online.  For  a  given

concept,  the  participants  are  asked  to  choose  a  relation

from  a  list  (including “is”, “has”, “does”, “made  of”,

etc.),  and  provide  features  about  the  concept  along  the

relation,  as  illustrated  in Fig. 5.  Then  the  features  are

turned into normalized labels to merge different linguist-

ic variants. In the end, the resource contains 22.6 K sen-
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tences about 638 concepts.

ATOMIC[12, 38]. Atlas  of  machine  commonsense

(ATOMIC)  is  a  crowdsourced  commonsense  knowledge

graph  about  event  inferences.  The  project  first  collects

common  events  from  a  variety  of  corpora  and  processes

them into phrases with person placeholders. Then the on-

line  participants  are  asked  to  provide  commonsense

knowledge about the events  by answering questions in a

form,  which  are  related  to  a  set  of  predefined  common-

sense  relations.  The  initial  version  of  ATOMIC contains

880 K knowledge tuples of  9 relations,  which is  mainly a

social  commonsense  knowledge  base  about  causality,  in-

tent  and  emotion.  Its  updated  version,  ATOMIC  2020,

integrates a subset of ConceptNet and extends to a com-

prehensive  commonsense  knowledge  base  with  1.33 M
knowledge tuples across 23 relations.

ANION[39]. Array of commonsense inferences for op-

positions  and  negations  (ANION)  is  a  branch  project  of

ATOMIC, dedicated to negated events. It is based on the

observations that negated expressions are seldom found in

existing  commonsense  resources,  and  reasoning  systems

are in need of the ability to handle negated statements. It

first  collects  different  negations  for  the  base  events  in

ATOMIC,  considering  both  explicit  or  implicit  negative

cues.  Then  it  crowdsources  additional  inferences  about

the  negated  events  based  on  the  relations  defined  in

ATOMIC.  The  resulting  resource  contains  627 K  know-

ledge tuples about negated events.

GLUCOSE[40]. GLUCOSE  is  a  commonsense  know-

ledge  resource  dedicated  to  causality.  It  identifies  10

causal dimensions to capture different kinds of causes and

effects, which cover events, location, possession, and oth-

er  attributes.  The  feature  of  this  resource  is  that  each

commonsense knowledge statement is grounded in a par-

ticular context. To achieve this, the crowdsourcing parti-

cipants are asked to annotate paired causal  explanations

for a given sentence in a story. One of them is a specific

statement  that  contains  specific  people  or  things  ap-

peared in the context, and the other is a general rule that

has variables  and complies  semi-structured templates,  as

illustrated in Fig. 5. Therefore, the resource has both gen-

eralized  commonsense  knowledge  and  contextualized  in-

ference instances.

 5   Automatic acquisition methods and
resources

The high-cost of expert compilation limits the growth

of  commonsense  knowledge  resources.  Although  crowd-

sourcing  relaxes  the  conditions  of  creating  large-scale

commonsense  knowledge  resources,  it  still  relies  on  ex-

tensive  human  labor.  Therefore,  most  of  recent  work  is

looking  for  automatic  acquisition  methods  for  common-

sense  knowledge.  We  summarize  such  methods  in  three

categories: text mining, knowledge graph completion and

generating via language models.

 5.1   Mining from texts

An  appealing  idea  is  to  automatically  mining  com-

monsense  knowledge  from  texts.  The  repeated  patterns

and statistical correlations in a large corpus may contain

commonsense knowledge. For example, the expressions of

basic physical property of things like “apple is red” could

appear  many  times  in  the  corpus.  Unlike  mining  entity

knowledge[41, 42], much more commonsense knowledge may

not be expressed directly, yet the co-occurrence text can

provide  clues  for  commonsense  relationships.  We  intro-

duce related methods and commonsense resources in this

section.
 5.1.1   Method summary

As  shown  in Fig. 6,  a  typical  process  of  mining  com-

monsense knowledge includes several steps.

First,  the  source  corpora  are  collected  and  selected.

The type of corpora can alleviate the difficulty of mining

commonsense  knowledge.  For  example,  search-engine

query logs like “why do cats purr” can provide rich clues

about capability commonsense[43].

Second,  commonsense  knowledge  candidates  are  ex-

tracted from the corpora via pattern matching or inform-

ation  extraction  methods.  However,  the  shallow  pattern

can only capture limited commonsense knowledge, which

typically  has  simple  language  structure  and  are  mainly

about  things  rather  than  events.  As  discussed  before,

much  commonsense  knowledge  is  rarely  expressed  expli-

citly,  so  automatic  mining  can  often  be  used  in  limited

knowledge  categories.  To  mine  commonsense  knowledge
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with more complex structure, some work first exploit in-

termediate representations (e.g., dependency graphs) from

the  corpus  and  then  further  mine  commonsense  know-

ledge  via  patterns  on  the  intermediate  represen-

tations[44, 45].

Third,  since  large  parts  of  the  automatically  mined

candidates  are  noisy  and  redundant,  there  is  usually  a

post-processing step to remove bad results and normalize

the  representations[46].  To  improve  the  quality  of  re-

sources, recent work mainly adopt neural scorer models to

refine  results,  which  requires  a  set  of  human  annotated

data[44]. Usually, the annotated data come from manually

created  resources,  which  can  be  inadequate  when  the

mined candidates cover more diverse knowledge domains

and categories. Therefore, semi-supervised learning frame-

work has been adopted in knowledge refining[47].

In  all  of  the  steps,  people  mainly  design  the  al-

gorithms and do minimal labeling work. Thus, the cost is

comparatively lower and the size of resources is easier to

expand.  We  detail  some  representative  projects  in  Sec-

tion 5.1.2.
 5.1.2   Representative resources

KNEXT[48, 49]. KNEXT  is  an  early  project  that  ex-

tracts  general  possibilistic  knowledge  from  text.  The

project uses corpora with treebank annotation as source,

and  applies  hand-crafted  patterns  to  automatically  ex-

tract  propositional  expressions.  The  project  deliberately

distills  propositions  about  generalized  concepts  and  rep-

resents them in English sentences, such as “children may

live with relatives”. The latest release of KNEXT project

contains 73 million generalized propositions. Human eval-

uation  shows  about  49%−64%  of  the  propositions  are

“reasonable general claim”.

WebChild[50, 51]. WebChild  is  a  large  automatically

extracted  collection  of  commonsense  knowledge.  It  uses

generic  text  patterns  to  extract  candidate  knowledge as-

sertions from Google N-gram corpus, and implements al-

gorithms based on WordNet to filter out noise and distill

commonsense  knowledge  with  fine-grained  relations.  It

mainly covers property, comparison and part-whole com-

monsense  knowledge.  In  comparison  with  similar  crowd-

sourcing  resources  like  ConceptNet,  WebChild  has  more

detailed  relation  types  such  as “has  color” and “has

shape”,  rather  than  general  and  ambiguous “has  prop-

erty”.  Current  version  of  WebChild  contains  2.3  million

disambiguated  concepts  and  18  million  commonsense

knowledge assertions connected with more than 6 000 re-

lations.

Quasimodo[43]. Quasimodo  is  a  resource  that  distills

commonsense  properties  from non-standard  web  sources,

including  search-engine  query  logs  and  QA  forums.  In

comparison  with  WebChild,  it  focuses  more  on  salient

properties that are typically associated with certain con-

cepts,  which  means  not  only  the  knowledge  assertions

should  be  generally  plausible  but  also  the  properties

should express important traits and most instances of the

concepts  should  have  the  properties.  To  this  end,

Quasimodo  designs  automatic  scoring  for  plausibility,

typicality,  and  saliency,  respectively,  and  uses  them  to

rank knowledge candidates. The resulting knowledge base

contains 2.3 million assertions for 80 000 concepts.

ASCENTKB[52, 53]. ASCENTKB is a project aiming

to  automatically  build  a  commonsense  knowledge  graph

with better expressiveness. It is based on the observation

that knowledge triples in previous work have limited ex-

pressiveness, which leads to ambiguous semantics and loss

of  informative  facets.  Therefore,  ASCENTKB  tries  to

capture  the  additional  semantic  facets  beyond  triple  as-

sertions, including the validity qualifiers (e.g., degree, loc-

ation and temporal)  and other informative context (e.g.,

cause,  manner  and  purpose).  Besides,  for  each  concept

(e.g., “elephant”),  ASCENTKB  groups  its  sub-concepts

(e.g., “Asian  elephant”)  and  aspects  (e.g., “elephant
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tusk”)  to  build  better  concept  structures.  To  achieve

these design goals,  the project uses documents from web

search service  as  knowledge source,  and extracts  inform-

ative commonsense knowledge assertions via OpenIE, su-

pervised  labeling  and  clustering.  The  current  version  of

ASCENTKB contains 2 million high-expressiveness asser-

tions about 10 K concepts.

TupleKB[54]. TupleKB is a project aiming to extract

domain-targeted  and  high-precision  commonsense  know-

ledge tuples  from text.  It  is  based on an automatic con-

struction pipeline  with limited human supervision.  First,

it  uses  a  domain  vocabulary  to  specify  the  target  know-

ledge  domain  in  elementary  science,  and  creates  query

templates  to  search  appropriate  sentences  from  the  lar-

ger corpus. Second, it extracts candidate tuples from the

narrowed corpus via OpenIE tools, and labels some tuples

to  train  a  supervised  tuple  scorer.  Finally,  after  refining

high-precision  tuples  with  the  scorer,  it  introduces  a  ca-

nonical  schema  induction  step  to  merge  equivalent  and

similar relations into canonical relation. The resulting re-

source  contains  294 K high-precision tuples  and has  high

knowledge recall over the corpus with respect to element-

ary science.

ASER[55]. ASER  is  a  large-scale  eventuality  know-

ledge  graph.  Each  node  in  the  graph  is  an  eventuality

(events,  activities,  or  states)  phrase that has its  internal

dependency sub-graph. These eventualities are connected

via  15  kinds  of  discourse  relations,  which  captures  the

preference-like  commonsense  knowledge  between  eventu-

alities.  Such  knowledge  is  automatically  mined  from  a

wide  range  of  web  corpora.  In  the  construction,  ASER

first uses syntactic patterns to extract possible eventualit-

ies  and  then  trains  a  classifier  through  bootstrapping  to

identify eventuality relations. The resulting resource con-

tains  194  million  eventualities  and  64  million  edges.  Be-

sides direct use, such a huge resource can also be further

mapped to traditional  commonsense knowledge resources

to enrich their content.

TransOMCS[44] and DISCOS[45]. TransOMCS is an

automatically  mined  knowledge  resource  that  uses  Con-

ceptNet-like  knowledge  representation.  Instead  of  dir-

ectly mining knowledge from text, it uses ASER as an in-

termediary.  It  first  matches  existing  triples  of  Concept-

Net  into  ASER  graph,  and  then  extracts  relation  pat-

terns based on the matched seeds. These patterns are ap-

plied on the whole graph to extract millions of Concept-

Net-like  commonsense  knowledge  triples.  The  complete

extracted  resource  contains  18  million  triples  while  the

accuracy is  only about 56%. However,  with a supervised

triple scorer, the accuracy of top-1% triples reaches about

87%, which is  close to the quality of  crowdsourced com-

monsense  knowledge  resources.  Similar  to  TransOMCS,

DISCOS  is  another  ASER-based  commonsense  know-

ledge resource. It uses hand-crafted rules to align phrases

in  ATOMIC  with  nodes  in  ASER  and  select  candidate

edges from the aligned ASER graph. It trains discriminat-

ors on the knowledge instances from ATOMIC to determ-

ine  whether  a  candidate  edge  can  be  transformed  to  a

valid ATOMIC commonsense assertion.

C3KG[56]. C3KG is a Chinese commonsense conversa-

tion knowledge graph. It extracts event expressions from

a Chinese conversation corpus and matches them with a

translated  version  of  ATOMIC.  Therefore,  the  nodes  in

knowledge  graph  are  grounded  with  their  dialogue  con-

text  in  the  corpus.  To  enrich  the  conversation-specific

knowledge,  C3KG  includes  the  utterance  ordering  rela-

tionships from the source corpus, and automatically con-

structs  edges  between  cause,  emotions  and  intent  based

on  the  dialogue  context.  The  resulting  resource  contains

1.3 million triples.

CANDLE[57]. CANDLE  is  a  resource  dedicated  to

cultural commonsense knowledge. It focuses on three do-

mains  of  subjects  (geography,  religion,  occupation)  and

several  cultural  facets  (food,  drinks,  clothing,  traditions,

rituals and behaviors), and extracts related commonsense

assertions from English corpus. These assertions are nat-

ural language sentences. During the construction pipeline,

the sentences are also clustered with concepts appeared in

them.  Therefore,  each  commonsense  assertion  has  the

metadata  of  domains,  subjects,  facets  and  concepts.  In

total, CANDLE contains 1.1 million assertions about cul-

tural commonsense knowledge.

GenericsKB[58]. GenericsKB is a commonsense know-

ledge base of generics statements about the members of a

category, e.g., “trees remove carbon dioxide from the at-

mosphere”.  Unlike  other  contemporary  projects,  it  uses

unstructured  natural  language  sentences  rather  than

knowledge  graph  or  other  structured  format  for  know-

ledge  representation.  The  sentences  are  extracted  from

three large text sources, filtered with hand-authored heur-

istics, and scored with a trained classifier. In total, Gener-

icsKB contains 3.5 million statements,  each of  which in-

cludes  metadata  about  topic,  context  and  confidence

score.

 5.2   Generating via pretrained language
model

 5.2.1   Method summary

As discussed before, much commonsense knowledge is

rarely  expressed  explicitly  in  text.  Automatically  mining

commonsense knowledge from text can be applied in lim-

ited knowledge categories,  but for  some cases  (e.g.,  tem-

poral and causality of events), it requires to design more

complex processes.  Therefore,  people  are  still  looking for

alternative solutions.

Pretrained  language  models  (PLM)[59, 60] have  pro-

foundly influenced the paradigm of natural language pro-

cessing[61].  In  recent  work,  PLMs  have  acted  as  a  novel

proxy to  acquire  commonsense  knowledge.  These  models

have  seen  large-scale  corpus  during  pretraining,  and  re-

cent  work  elicit  it  to  generate  commonsense  knowledge
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assertions  through  further  adaptation[62].  As  shown  in

Fig. 7,  experts  provide  the  PLMs  with  existed  common-

sense  knowledge  assertions  to  adapt  them  to  generate

new  ones.  The  adaptation  can  finetune  the  models  with

massive assertions, or prompt with few-shot examples (in-

context learning)[63]. After using the models to generate a

number of knowledge candidates, there is also a post-pro-

cess step to refine the high-quality knowledge.

At  first  glance,  such  methods  seem  similar  to  auto-

matically  mining  from  texts.  But  we  cannot  specify  the

source  of  knowledge.  In  other  word,  the  method  distills

the knowledge implicitly  stored in the model  parameters

instead  of  directly  extracting  from  texts.  The  generated

knowledge  candidates  can  also  be  mixed  with  a  lot  of

noise and errors like the mined results from texts. Never-

theless,  the  method  alleviates  the  complexity  of  extrac-

tion pipelines and can be easily applied on various know-

ledge categories. With the help of trained filtering models,

the resulting commonsense knowledge resources can even

achieve  better  quality  and  coverage  than  crowdsourced

counterparts.  These  features  make  generating  common-

sense  knowledge  via  PLM become an  appealing  research

area.
 5.2.2   Representative work

COMET[62]. Commonsense transformer (COMET) is

a  finetuning  framework  for  generative  commonsense

knowledge  completion.  It  uses  triples  from  an  existing

commonsense  knowledge  graph  (e.g.,  ConceptNet  or

ATOMIC)  to  finetune  a  PLM.  The  resulting  model  can

generate  plausible  tail  items  for  any  head  item  with  a

predefined relation.  Therefore,  the model  can be used to

automatically construct a large-scale commonsense know-

ledge  graph  or  directly  act  as  an  out-of-the-box  know-

ledge  source  in  downstream applications.  Recent  work[64]

also create several materialized knowledge resources with

millions  of  assertions  based  on  COMET.  Related  ana-

lyses  show the  generated  knowledge  resources  have  high

knowledge recall but lack in typicality and saliency.

ATOMIC-10X[19]. Large  PLMs  like  GPT-3[65] have

shown surprising few-shot performance. Such models can

adapt  to  new tasks  with  a  few task-specific  examples  as

prompts.  The  presence  of  ATOMIC-10X shows  the  abil-

ity is  also applicable  to commonsense knowledge genera-

tion.  ATOMIC-10X  is  a  commonsense  knowledge  graph

covering  7  relation  types  defined  in  ATOMIC[12].  In  the

construction process of ATOMIC-10X, only a few concept

phrases and triples are used as seeds to prompt GPT-3 to

generate  more  concepts  and  triples  in  similar  writing

style.  This process is  different from COMET, which still

requires  massive  existing  knowledge  triples  for  training.

After  generating  raw  knowledge  triples,  a  supervised

triple classifier is used to filter out bad results. The ana-

lysis  shows  ATOMIC-10X  surpasses  its  crowdsourced

counterpart  (ATOMIC)  in  quantity,  quality  and  di-

versity.

CN-AutoMIC[66]. CN-AutoMIC  is  a  Chinese  com-

monsense  knowledge  graph  generated  from  pretrained

language models. Since most commonsense knowledge re-

sources are created from English speakers and corpora, it

is  necessary  to  enrich  resources  in  other  languages.

However,  directly  translating  English  corpora  may  omit

the  cultural  differences.  Thus,  generating  with  language

models  can  be  an  appealing  alternative.  CN-AutoMIC

leverages  a  construction  pipeline  similar  to  ATOMIC-

10X[19] but  based  on  a  multilingual  model  MT5.  It  pro-

poses some tweaks to better acquire massive high-quality

results from much noisier raw generation. The evaluation

and  analysis  show  the  resource  has  better  quality  than

direct  translation  and  can  capture  commonsense  know-

ledge specific to Chinese background.

I2D2[67]. To break the dependence on large-scale lan-

guage  models  with  tens  of  billions  of  parameters,  the

work  proposes  a  framework  to  fully  utilize  smaller  mod-

els  (1.5 B) for  commonsense  knowledge  generation.  It  fo-

cuses  on free-formed commonsense assertions like Gener-

icsKB[58]. To generate high-quality knowledge via smaller

models, it utilizes recent constrained decoding[68] to gener-

ate controlled results. The results are filtered with super-
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vised  classifiers  and  then  used  for  further  iteratively

training  the  generation  model.  The  work  also  results  in

Gen-A-tomic,  a  commonsense  resource  with  14 M  state-

ments. It has a 1 M high-quality subset, in which 90% of

sampled statements are judged as valid. The result shows

smaller  language  models  can  also  be  a  valid  source  for

commonsense knowledge acquisition.

 6   Comparison and analysis

In  this  section,  we  will  first  provide  a  comparison

between  different  commonsense  knowledge  resource.

Then, based on the summary of knowledge resources, we

will  provide  qualitative  summary  for  the  four  classes  of

acquisition methods.

 6.1   Dimension

Existing  commonsense  knowledge  resources  often  dif-

fer  in  representation  and  scope,  and  they  report  evalu-

ation results in different standards. It is difficult to com-

pare  them fairly  and comprehensively.  Therefore,  in  this

section we focus on showing the characteristics and differ-

ences  of  different  resources,  rather  than  providing  strict

evaluation  metrics.  We  summarize  the  comparison  res-

ults in Table 2, which includes dimensions as follows.

1)  Acquisition  method  (Acq.). According  to  the

criterion  of  this  survey,  this  dimension  has  four  values:

E=expert  compilation,  C=crowdsourcing,  M=mining

from text, G=generating via pretrained language models.

2) Representation format (Rep.). This dimension

describes  the  representation  category  of  the  resources.

The  values  include:  L=logic,  NL=natural  language,

KG=knowledge graph.

3) Publication year (Pub.). In this dimension, we

report when the resources were first published.

4) Size. Although the resources have different struc-

 

Table 2    The comparison of commonsense knowledge resources (Acq. = acquisition, Rep.= representation,
Pub. = publication year, Cov. = coverage)

Resources Acq. Rep. Pub. Size (year) Major knowledge category
Evaluation

Pre. Cov. Sal. Typ. Ext.

Cyc E L 1984 25.00 million (2019) Time, location, causality, capability, property,
desire, intent, taxonomy, part-whole

√

Gordon and
Hobbs

E L 2017 1 400.00 (2017) Time, location, causality, capability, property,
desire, intent, emotion, similarity, part-whole

OMCS C NL 2000 0.45 million (2002) Time, location, causality, capability, property,
desire, intent, taxonomy, similarity, part-whole

√ √

ConceptNet C KG 2004 34.00 million (2019) Time, location, causality, capability, property,
desire, intent, taxonomy, similarity, part-whole

√ √

CSLB C KG 2013 22 600.00 (2013) Property √

ATOMIC C KG 2019 1.33 million (2021) Time, location, causality, capability, property,
desire, intent, emotion, part-whole

√ √ √

ANION C KG 2021 0.63 million (2021) Causality, property, desire, intent, emotion √ √

GLUCOSE C KG 2020 0.44 million (2020) Causality √ √ √

KNEXT M NL 2002 73.00 million (2010) Location, capability, property, taxonomy, part-
whole

√

WebChild M KG 2014 18.00 million (2017) Time, location, capability, property, emotion,
taxonomy, similarity, comparison, part-whole

√ √ √ √ √

Quasimodo M KG 2019 2.30 million (2019) Location, capability, property, similarity,
comparison, part-whole

√ √ √ √ √

ASCENTKB M KG 2020 2.00 million (2021) Time, location, causality, capability, property,
emotion, similarity, part-whole

√ √ √ √ √

TupleKB M KG 2017 0.29 million (2017) Location, causality, capability, property, desire,
taxonomy, part-whole

√ √

ASER M KG 2019 64.00 million (2019) Time, causality √ √ √

TransOMCS M KG 2020 18.00 million (2020) Time, location, causality, capability, property,
desire, intent, part-whole

√ √ √

C3KG M KG 2022 1.28 million (2022) Time, location, causality, capability, property,
desire, intent, emotion, part-whole

√

CANDLE M NL 2022 1.10 million (2022) Time, location, capability, property, desire √ √ √

GenericsKB M NL 2020 3.50 million (2020) Location, causality, capability, property √ √

ATOMIC10X G KG 2022 6.50 million (2022) Time, causality, desire, intent, emotion √ √ √
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tures  and  representation  forms,  generally  it  can  be  con-

sidered that they all have some forms of knowledge state-

ments  as  basic  units,  e.g.,  propositions,  declarative  sen-

tences, and knowledge triples. We use the count of know-

ledge  statements  as  the  size  indicator  of  different  re-

sources.

5)  Major  knowledge  category. We  identify  the

knowledge  categories  described in  Section 2.3  for  the  re-

sources  to  provide  an  overall  impression  about  their  fo-

cus scope.

✓

6) Evaluation. Most of the resources have the evalu-

ation results of intrinsic evaluation (direct evaluating the

samples in the resources) or extrinsic evaluation (evaluat-

ing the AI systems enhanced with the resources), but the

criteria  and  implementation  may  differ  greatly  and  can-

not  be  compared  consistently.  Therefore,  we  care  more

about  whether  several  main  dimensions  of  evaluation

have  been  presented  rather  than  the  concrete  numerical

metrics, and use symbol  to indicate whether a resource

has reported a certain dimension in publications. The re-

ported evaluation dimensions include:

i)  Precision (Pre.). “Precision” shows  the  percent-

age  of  knowledge  that  is  generally  seen  as  correct  or

plausible. This metric can also be reported as plausibility

or accuracy in some resources. To evaluate the precision,

human evaluation is required. 5-point Likert scale[69] and

its  variants  are  widely  used  in  such  evaluation.  The  an-

notators  should  choose  a  point  from “strongly  disagree”

to “strongly agree”. Some resources normalize the results

to positive and negative and report the percentage of pos-

itive  ones,  while  some  others  assign  a  score  to  each  op-

tion and report average scores.

ii)  Coverage  (Cov.). The  coverage  indicates  how

much  commonsense  knowledge  is  captured  in  the  re-

source.  Since  the  complete  set  of  commonsense  know-

ledge is not accessible, some resources instead report the

relative knowledge coverage (i.e., recall) against other re-

sources  as  a  proxy.  The  evaluation  is  often  conducted

automatically.

iii)  Saliency  (Sal.). Saliency  indicates  the  degree

that  people  think  a  piece  of  knowledge  is  easy  to  asso-

ciate with a concept on first thought. It reflects a differ-

ent  aspect  of  knowledge  quality  from  the  precision,  i.e.,

how  important  the  knowledge  is.  Therefore,  some  re-

sources report the average saliency of sampled knowledge

assertions.

iv)  Typicality  (Typ.). For  a  piece  of  knowledge

about a  concept,  it  is  more typical  if  it  is  applicable  for

most  of  the  instances  of  the  concept.  As  commonsense

knowledge  is  often  not  strict  truth,  the  typicality  can

provide a richer perspective about the knowledge quality.

Some  resources  report  the  average  typicality  of  sampled

knowledge assertions.

v)  Extrinsic  evaluation  (Ext.). Besides  intrinsic

evaluation  (i.e.,  directly  evaluating  the  knowledge  re-

sources  themselves),  some  work  also  use  extrinsic  evalu-

ation  to  test  the  quality  and  usability  via  downstream

performance.  Specifically,  based  on  the  knowledge  re-

sources,  the  evaluation  forms  may  include  enhancing  a

question answering system, or training a knowledge com-

pletion  model.  The  performance  on  these  tasks  can  re-

flect the quality of the knowledge resource indirectly.

 6.2   Results

The  comparison  results  are  shown  in Table  2.  From

Table 2, we have the following observations.

The increasing trend. Generally,  the  emergence  of

new resources is accelerating after 2019. The total quant-

ity  of  available  resources  is  rapidly  increasing.  Most  of

these resources are created via crowdsourcing or text min-

ing,  and  they  adopt  knowledge  graphs  or  natural  lan-

guage as the representation format. This suggests there is

a growing interest in improving machine commonsense in

recent  years.  Also,  making  commonsense  knowledge  bet-

ter cooperate with modern natural language models is the

focus.

Automatic  methods  are  growing. Although  hu-

man-edited resources have better quality and cover more

knowledge categories, recent resources built via automat-

ic  methods  are  catching  up  swiftly.  Some  of  them  have

already  reached  the  same  level  as  human-edited  re-

sources  in  precision  with  minor  human  supervision.  As

automatic  methods  continue  to  improve,  they  have  the

potential  to  work  better  on  both  quality  and  quantity,

becoming  the  mainstream  way  to  acquire  commonsense

knowledge.  However,  there  are  still  much  work  to  be

done, which we will further discuss in Section 7.

Precision  and  coverage  are  mainly  evaluated.

Recent resources tend to report more dimensions of eval-

uation results. The precision, coverage and extrinsic eval-

uation are the mainly reported dimensions. However, only

a  few  resources  have  subtle  results  about  saliency  and

typicality.  As  the  precision  of  current  resources  has

reached  a  relative  high  level,  more  attention  should  be

paid  on  more  facets  other  than  precision  to  holistically

evaluate the knowledge quality.

 7   Challenges and future work

In previous sections, we have reviewed the significant

advancements  in  recent  research on commonsense  know-

ledge.  With  the  contribution  of  human  annotators  and

the  development  of  automatic  knowledge  acquisition

methods, there have been extensive publicly available re-

sources that cover a range of representations and categor-

ies  of  commonsense knowledge.  However,  these resources

are still inadequate to encompass the full spectrum of hu-

man commonsense knowledge, and many acquisition and

application  issues  remain  unresolved.  At  the  end  of  this

survey,  we  provide  a  summary  of  several  challenging
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areas that are not well studied.

 7.1   Knowledge sources

According  to  the  acquisition  methods,  most  existing

commonsense  knowledge  resources  either  come  from  hu-

man′s  contribution,  or  come  from  text  directly  or  indir-

ectly.  However,  due  to  the  implicitness  of  commonsense

knowledge,  some  may  never  have  been  recorded  in  text,

which is more difficult to capture via text-based methods.

Therefore,  there  are  also  attempts  to  acquire  common-

sense knowledge from multi-modal sources.

For  example,  images  are  seen  as  another  source  of

commonsense  knowledge.  Chen  et  al.[70] propose  a  pro-

gram to automatically discover taxonomy and part-whole

commonsense  knowledge  from  the  web  images  based  on

object detectors and classifiers. Yatskar et al.[71] mine loc-

ation  commonsense  knowledge  from  image-text  paired

datasets. Yao et al.[72] propose a distant-supervised frame-

work  to  summarize  commonsense  relations  between  ob-

jects from bags of  images.  Liu et al.[73] explore a way to

acquire  commonsense  knowledge  through  visual  question

generating and answering. These efforts provide different

perspectives to exploit commonsense knowledge hidden in

images.

However, static images mainly help to acquire limited

categories  of  commonsense  knowledge,  such  as  the  loca-

tion  and  visual  property.  Other  knowledge  categories,

such as time and causality, are seldom embedded in stat-

ic images.  Therefore,  other modal sources like audio and

video may cover richer commonsense knowledge to be ex-

cavated.  Besides,  many  believe  there  are  unspoken  com-

monsense  knowledge  that  come  from  the  interaction  ex-

perience  with  the  world,  and machines  should  reproduce

the process to obtain such knowledge. Therefore, making

embodied  agents  directly  learn  commonsense  knowledge

through environment is also a promising direction[74].

 7.2   Representation

The knowledge representation of  commonsense  know-

ledge  is  also  an  area  that  needs  long-term  development.

Although  knowledge  graph  is  the  dominant  representa-

tion  in  recent  commonsense  resources,  its  expressiveness

is  limited.  As commonsense knowledge is  usually general

assumptions and defensible in specific situations, it is im-

portant to capture how much a commonsense knowledge

assertion  holds  true,  when  it  should  not  be  used,  and

what  evidence  supports  it.  Also,  the  free-form  expres-

sions  in  commonsense  knowledge  graphs  can be  ambigu-

ous and redundant, which may require further normaliza-

tion. Although some of the issues have been discussed in

earlier  work  of  logic-based  representations,  it  is  still  un-

known how to better meet these demands based on large-

scale  commonsense  knowledge  graphs.  To  enrich  the  ex-

pressiveness,  some  recent  work  have  explored  attaching

knowledge  assertions  with  contextual  text[40, 75] and  de-

tailed  facets[53, 76].  Besides,  some other  work  propose  ab-

straction[77] and  instantiation[78] based  on  existed  com-

monsense  knowledge  assertions.  The  former  aims  to  in-

duce more generalized assumptions, while the latter tries

to find the effective scope and exceptions. These explora-

tions  may inspire  better  representations  of  commonsense

knowledge in the future.

 7.3   Evaluation

The  evaluation  of  commonsense  knowledge  resources

still  requires  improvement  and  standardization.  Cur-

rently,  human  evaluation  is  often  the  main  method  to

evaluate the quality of resources, which is subjective and

highly  dependent  on  the  annotation  guidelines.  Also,  as

summarized in Section 6.2, precision is mainly focused in

evaluating  the  knowledge  quality.  However,  a  correct  or

plausible knowledge assertion could be trivial and redund-

ant. It is difficult to represent all the desiderata of com-

monsense knowledge. More metrics like saliency and typ-

icality should be proposed and applied in evaluation.

 7.4   Integrating with large language models

Recent  advances  of  large  language  models  have

brought breakthrough performance on various fields. And

they have been proven effective on generating intermedi-

ate reasoning steps[79] and completing commonsense reas-

oning tasks[80]. Also, as discussed in Section 5.2, large lan-

guage models have become a new source to acquire large-

scale  commonsense  knowledge.  These  new  findings

demonstrate  their  emergent  commonsense  capability.

However,  recent  research  also  shows  the  generation  of

large  language  models  suffer  from hallucinations  and  in-

consistency[81].  This  raises  new  questions  about  how  to

better  integrate  external  commonsense  knowledge  re-

sources with large language models.

 7.5   Content bias

One of  the  risks  associated  with  commonsense  know-

ledge  resources  is  content  bias.  On  the  one  hand,  most

large-scale commonsense knowledge resources are created

by  crowdsourcing  or  text  mining,  which  may  have  un-

checked and biased knowledge sources. Recent work have

verified the existence of stereotypes and harmful content

in  current  resources  and  their  downstream  models[82].

Further  reducing  such  content  remains  an  important

task. On the other hand, commonsense varies across cul-

tures, and commonsense resources that are created in one

culture  may  not  be  applicable  to  another  culture.

However,  current  commonsense  resources  are  English-

centric[83],  which may introduce language and culture bi-

as.  There  have  been  efforts  to  enrich  non-English  com-
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monsense  knowledge  resources[11, 66],  while  there  is  still

more work to be done.

 8   Conclusions

In  this  survey,  we  introduce  the  recent  advances  in

commonsense  knowledge  acquisition.  We  systematically

review and categorize  the  scope  of  current  commonsense

knowledge  research,  the  mainstream acquisition  methods

and  representative  commonsense  knowledge  resources.

These  contents  show  the  quantity  and  quality  of  recent

commonsense knowledge resources are rapidly improving,

based  on  the  increasing  research  interest  and  the  ad-

vances of automatic acquisition methods. Besides, we also

summarize several challenging areas that need to be fur-

ther tackled, including knowledge sources, representation,

evaluation,  etc.  We  expect  that  the  review  and  discus-

sion  in  this  paper  could  inspire  better  improvement  and

application of commonsense knowledge resources.
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