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Artificial intelligence and machine learning have been
addressing how to incorporate common sense into
solutions for many decades. While some progress
has been made, due to the incredibly complex issues
involved, we are far from a general solution.

rtificial intelligence (AI) and machine learn-

ing (ML) have made tremendous progress

since their inception. However, solutions

using AI/ML are subject to hallucinations,
errors, and nonsensical outputs, some of which can be
life threatening, especially in application domains, such
as smart health and smart cities. Many efforts are being
made to address these problems. One direction is incor-
porating common sense into the solutions.
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Since commonsense hasbeenresearched fordecades,
there are many approaches and results. Research
directions include training large language models,
employing knowledge graphs, using formal logics, mul-
timodalities, and neurosymbolic Al, and employing
crowd sourcing and expert knowledge. Recent works in
the literature on common sense for AI/ML discuss gen-
eral issues!,? describe curated common sense data sets!
and apply neurosymbolic techniques? and logic, such
as answer set programming.* However, despite these
advances the problem remains open. This leads one to
ask, is it even possible to achieve general common sense
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in AI/ML? If it is possible, or possible
to some degree, should we even try to
incorporate common sense, or is there
a better approach?

The main goals of this article are 1)
to investigate what is the state of com-
mon sense research in AI/ML via the
novel perspective of can we or should
we incorporate any such solutions
into systems, 2) propose key research
directions with examples, and 3) high-
light various open questions.

DEFINITIONS

Psychologists and Al researchers have
had difficulty in defining common
sense. It is one of those terms that is
difficult to define, but you know it
when you see it. However, with vague
definitions can we determine if an Al/
ML solution achieves common sense?
Nevertheless, here are two typical
definitions.

Definition 1: Common sense is
truths that are self-evident.> Note
that this definition focuses on com-
mon sense knowledge. But, as we
will see, a major complexity is that
common sense knowledge is highly
personal.

Definition 2: Common sense is
the ability to reason intuitively about
everyday situations and events.! Note
that this definition is about common
sense reasoning. Complexity here
arises from many factors including
that intuition is involved and that con-
text plays a significant role.

In summary, what makes defining
common sense so difficult is that it is
a function of the domain, context, per-
sonal beliefs, culture, intuition and
more, each of which can be incredibly
complex. What is considered common
sense also changes over time. More
detailed discussions of these issues are
in the next two sections.
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CAN WE INCORPORATE
COMMON SENSE INTO Al/ML
SOLUTIONS

To answer this question in a general
sense let us consider a complexity the-
ory argument. We know from com-
plexity theory®that some problems are
intractable, meaning that the solution
times grow exponentially with the
problem size. I postulate that the same
is true for common sense solutions.

Common sense is a function of
domain, culture, personal beliefs, age,
gender, time, location, history, cur-
rent events, social status, emotions,
intuition, etc. This is an open-ended
list and provides important context
for common sense. If AI/ML solutions
don’t cover the context correctly we
can have nonsensical results. Further,
correlations exist among these factors
giving rise to exponential growth in
the number of things to consider. Con-
sequently, we can consider handling
all the potential cases as intractable.

As a concrete example, consider an
AI/ML solution that knows about grav-
ity and a person is said to drop an item.
The system may conclude that it drops
quickly to the ground. But what if the
personislying down, in space, is scuba
diving, jumping on a trampoline, the
item was a feather, and it was windy,
etc. If any of this context is missing for
developing the solution, then a non-
sensical answer may appear.

For intractable problems, they are
addressed in many ways, for example,
with heuristics, with approximations,
or by constraining the general prob-
lem. Thisneedstobebetterrecognized
and applied to common sense.

Also, in complexity theory, we find
that many problems are tractable, for
example, they can be solved in linear,
log time, etc. Is it possible to create
complexity classes for common sense

where perhaps by constraining the
problem enough it becomes tractable
with guarantees on solutions being
sensical and thereby avoiding hallu-
cinations and errors? Is there even
one such class for the simplest prob-
lems? While it is possible that negative
results will appear for this approach,
the process may provide insights on
other ways to categorize common
sense tractability. This is an open
problem.

SHOULD WE INCORPORATE
COMMON SENSE INTO Al/ML
SOLUTIONS
At first, it may seem like a poor ques-
tion to ask if we should incorporate
common sense into AI/ML solutions,
especially since attempts have been
ongoing since the inception of AI. How-
ever, the question has key nuances that
bring to light interesting questions.
For example, a recent study® has
shown that in general there is often
little consensus as to whether an out-
put from an AI/ML solution is fail-
ing at common sense. This study uses
curated data sets that are specifically
built (some over many years) to cod-
ify common sense knowledge. Yet, the
study showed that, in general, people
do not agree on whether a particular
output makes common sense. This is
troubling because why should we work
to ensure common sense when, in the
end, there is no clear agreement that it
isachieved? The study also showed that
for the simpler type of common sense
problem, such as for technology facts,
the agreement was in the 80% range.
When human behavior and social
norms were key aspects of the prob-
lems, agreement dropped to near 50%.
Again, what good would it be to incor-
porate common sense at a high cost
(execution time/memory/power) only
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to have little agreement on whether the
output made common sense?

This referenced study® also showed
that common sense was highly per-
sonalized. This implies that solutions
must learn a user’s preferences so that
outputs will make common sense to
them. Note that common sense to
someone may still be a wrong output
in terms of accuracy. How and when
can we override a supposedly common
sense output?

Referring to the notion of common
sense complexity classes mentioned
in the previous section, if we can find
problem classes which are tractable,
then maybe there will be high agree-
ment that a solution adheres to (per-
sonalized) common sense.

It is important to stress that the
real problem to solve is to avoid hal-
lucinations, errors, and nonsensical
outputs. If common sense can contrib-
ute to that, then indeed it should be
incorporated.

SOLUTION DIRECTIONS

To avoid hallucinations and wrong
answers, it is necessary (but not suffi-
cient) to follow a robustness methodol-
ogy. Robustness includes many steps,
such as data cleaning, data augmenta-
tion, adversarial training, early stop-
ping to avoid overfitting, using robust
loss functions, hyper-parameter opti-
mization, uncertainty quantification,
and use of formal methods to specify
properties that the resultant models
must have. Robustness also refers to
how sensitive are the trained models
to input data and new situations not
explicitly trained for. While there is
some overlap between common sense
and robustness, common sense is not
the same as robustness. Common
sense relies on general knowledge and
intuition, so it is likely that common

sense solutions are still required to
supplement robustness.

Formal methods play a role in both
robustness and common sense. Apply-
ing formal methods can minimize hal-
lucinations, errors, and nonsensical
outputs, but it is necessary to know
the properties you want to guaran-
tee ahead of time, and it is difficult
to encode all the underlying assump-
tions and contexts that go along with a
particular property. The use of formal
methods can be implemented by a stu-
dent-teacher approach.”

To illustrate how we might develop
common sense solutions, consider
three examples of smart agents. The
examples are chosen to highlight dif-
ferent aspects of common sense. The
firstexample concerns smartagentsto
aid a first responder at an emergency
response incident. This type of appli-
cation requires immediate answers
as the first responder is administer-
ing aid. The second example consid-
ers smart health where safety critical

issues are foremost. The third exam-
ple is a smart agent for a smart city.
Here, it is necessary to forecast how
the state of the city will evolve over
some future time period, such as 6
or 24 hours, given significant uncer-
tainties of what might occur in the
city. Suggestions and solutions from
all three types of smart agents must
be robust and convey common sense
answers. However, 100% guarantees
are not likely.

To better follow the examples, each
of them follows a proposed common
sense solution architecture shown in
Figurel.

First responders example

A smart agent can aid an emergency
responder in assessing the condition
of the patient and choosing the cor-
rect treatment protocols to adminis-
ter. To create such an agent, start with
a large language model (LLM) to have
a basis of language understanding.
Tune such a model to support the style

Data Collection

Build Application Domain Model Robustness
With Robustness Methodology <«—— Properties
(May use LLMs) via Formal
Methods
—» Abductive Reasoning |<¢—
New Common
Data and Sense
Personalized | ——»| Defeasible Reasoning | <— via
Common Formal
Sense Methods

Finalize Output

FIGURE 1. Proposed common sense architecture.
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of question-and-answer interactions.
Further, tune the model to medical
terminology and information. How-
ever, general medical information is
not adequate for first response appli-
cations, which have very specialized
terms and semantics. Hence, tune
again using language from the first
response domain.

At this point, solutions should
then be enhanced to support robust-
ness using the methodology steps
as described previously. It is highly
encouraged to apply formal logic to
both describe robustness requirements
and embed that knowledge into the
models. Constraints might include dif-
ficult to remember information, such
as “never administeracertaindrugtoa
diabetic,” or obvious information, such
as “always check the air passageway
for an unconscious patient.” While this
latter information is obvious, it can
be forgotten under very stressful inci-
dents. One approach for implementing
this utilizes a student teacher network.

At this point, the solution should
reduce hallucinations, errors, nonsen-
sical results, but one can still expect
such outputs at times. Also, since this
is a quite complicated application,
there is not likely always a single via-
ble answer. To strengthen the solution
with some degree of common sense I
believe it is necessary to apply abduc-
tive® and defeasible” reasoning.

Abductive reasoning will produce
multiple plausible suggestions for the
first responder. Presenting (some of)
them to the first responders enables a
runtime human check on nonsensical
outputs. The smart agent may suggest
giving the patient oxygen, starting
an IV, and having the patient stand
up. Having the patient stand may be
nonsense. Importantly, implementa-
tions of abductive reasoning in this
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application has to be very efficient to
reactinreal time.

Asthepatientisundergoingamedical
emergency and as treatment is applied,
there may be significant new informa-
tion (for example, maybe cardiac arrest
happens while being treated for dizzi-
ness) that requires stepping back and
supplying very new suggestions. This
capability can be supported by defeasible
logic programming and defeasible rea-
soning solvers. This requires explicitly
representing defeasible rules and excep-
tions and deciding how to integrate pro-
cessingthoserulesinanefficient manner
and together with the other architectural
components of the solution. This would
allow, for example, a reset on what treat-
ments to propose due to a new event, such
ascardiacarrest.

What is important about defeasible
reasoning solvers is that they 1) handle
incomplete or conflicting information,
2) allow conclusions to be retracted
when new evidence occurs, and 3) use
tentative reasoning via specified rules
and preferences.

Smart health example
Considera smart health application for
an elderly person living alone in a pri-
vate home. The smart home may have
in-situ sensors measuring environ-
mental factors and activities of daily
living, and on-body sensors measuring
physiological states of the elderly per-
son. There may also be a smart agent
that verbally interacts with the per-
son. While many of the interactions
may mainly be helpful with respect to
daily activities, thereis a safety critical
aspectifaserious medicalissue arises.
It is important that the solution recog-
nizes such conditions and acts appro-
priately in real time.

Since the agent and person will
interact via voice, LLMs should be

used to understand the semantics of
language. Additional model training
needs to include information about
medical emergencies, such as cardiac
arrest, falling down and being hurt,
blood pressure very high, and depres-
sion. Robustness of the models can
be improved by adding constraints
via formal models. Such constraints
should be as comprehensive as pos-
sible. The list of constraints include
what drugs must be taken, drug dos-
age must not exceed a certain amount,
talk of suicide, and many others.
While there is no guarantee that every
safety critical situation is covered, the
designers of this solution, by using
formal methods, can at least explic-
itly understand what emergencies are
indeed covered. It is likely that the
most common medical emergencies
canbe covered and, although notideal,
for more rare emergencies, their cover-
age canimprove over time.

Advice, whether it is for emergen-
cies or daily living, will often have
multiple plausible suggestions. Using
abductive reasoning, for daily activ-
ities, the agent can present various
options to the patient. This avoids
monotony for the patient on interac-
tions with the agent. For safety critical
events, the solutions should (automat-
ically) include actions for the emer-
gency, such as notifying a doctor,
calling for an ambulance, or turning
off the stove.

Defeasible reasoning is also neces-
sary. There are many activities of daily
living that have similar profiles and
only after enough data are collected
can one distinguish between them. For
example, cooking and making coffee
have actions that overlap. Washingand
showering have some similar move-
ments. Various exercises may have
substeps that are the same. Keeping
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track of eating, hygiene, and exercising
are important aspects of an in-home
smart health app that provides sugges-
tions based on these assessments. As
new conditions are recognized, sug-
gestions made by the agent may have
to be completely revised.

As is true for all the examples,
since the systems are dynamic, new
data can include new core knowledge,
personalized common sense and con-
text. Thisrequires dynamic updates to
knowledge needed by, at least, abduc-
tive and defeasible rules which guide
their reasoning.

Smart cities example

An AI/MLagent helping decision mak-
ers of smart cities tries to predict the
future city states so that actions can
be taken now to mitigate future prob-
lems. For example, based on current
traffic, air quality index, time of day,
weather predictions, special events
like a baseball game, etc., the smart
agent predicts if there will be traffic
congestion and air quality violations
inthenext6 hours. Ifso, actions canbe
suggested to reduce the projected con-
gestion and improve air quality. Sug-
gestions should be robust in the sense
if changes occur (say an accident), then
the solution should not have to change
too dramatically, such as all the traffic
light timings and all the police loca-
tions have to change. Also, nonsen-
sical solutions must be avoided, for
example, directing traffic down a one-
way street the wrong way.

For smart cities, it is necessary to
begin with a large data set of the past
history of the operation of the city.
Since there is great uncertainty in such
a complex and dynamic environment,
solutions addressing uncertainty, such
as using a Bayesian neural net are
suggested.l® Sensor data collected to

represent the current states of the city
may have errors or be out-of-date. Using
standard techniques, such as a long
short-term memory (LSTM) predictions
intothefuturearepossible,butan LSTM
only predicts a single possible future
trajectory for the smart city. This does
not adequately address the uncertainty
of what might happen in the future in
such a dynamic environment. Instead,
using a Bayesian recurrent neural net-
work can capture the inherent future
uncertainty by generating what is
called a flowpipe. A flowpipe contains
many possible future trajectories so
that one has a form of confidence level
of future trajectories. A flowpipe can be
integrated with using formal specifica-
tion of the requirements and thereby
detect requirement violations probabi-
listically. It is possible that none, some,
or all flowpipe trajectories violate the
requirements. This approach incorpo-
rates a significant degree of robustness.
The solution then should be integrated
with abductive and defeasible reason-
ing to support adding common sense.
Abductive reasoning is necessary
because smart cities are so complex
with many alternative solutions for a
given situation. For example, ifa major
incident occurs there can be multiple
hypotheses of how to act; the num-
ber of ambulances and police cars and
from which hospitals and police sta-
tions should be deployed, what streets
to block, how to inform the commu-
nity, etc., each with different costs and
predictions of successful outcomes.
Decision makers can be presented with
plausible action plans and choose one
of them. One key complexity is that it
is possible that multiple decision mak-
ers are involved each with their own
personalized common sense related
to their own objectives. For example,
a traffic engineer may want to choose

a solution that reduces driving delays
while an environmental engineer may
try to reduce pollution. Conflicts must
be detected and resolved, possibly
by the smart agent or by the decision
makers or both.

Defeasible reasoning is necessary
to enable reacting to major changes
in the state of the city. For example, a
major incident report may turn out to
be a false alarm, or a subsequent city-
wide or localized area blackout may
occur.

OPEN QUESTIONS

While significant progress has been
made on understanding and devel-
oping AI/ML solutions for common
sense, many open problems remain.
Several important ones are described
next.

It seems that one of the most
important issues is how to represent
and use context in all its complexity. Such
context will need to be dynamic, per-
sonalized, nuanced, and applied at
differing levels of detail. For exam-
ple, if common sense is represented
in a knowledge graph, that graph
may need to contain context about a
person’s health, such as age, gender,
comorbidities, drug prescriptions,
allergies, where they live, local hospi-
tal, psychological state, etc. This infor-
mation may have to often be updated
and new context added as a function of
a person’s changing health. How new
context affects common sense seems
open ended. Nuances of how the var-
ious context interacts with other con-
text hastobeinferred as it is not likely
that all possible context interactions
will be part of the knowledge graph.
Research in this area is found under
the term context engineering.!!

In many applications, solutions will
requireiterative sequencesofpredictions
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into the future. The core of this prob-
lem is how to address uncertainty in its
many forms. This ranges from environ-
mental uncertainty to human behavior
and emotional dynamics uncertainty.
Some current solutions simply output
the highest probability result. This is
not adequate. Other solutions present
multiple feasible hypotheses. However,
new research should better integrate the
hypothesis generation and scoring with
robustness and personalized common
sense. Addressing uncertainty is a very
active research area.

As abductive reasoning will likely
be at the core of common sense solu-
tions, as it was true for partially deal-
ing with uncertainty, it is necessary
to better solve the problems of how to
score and choose the plausible hypotheses
derived by AI/ML solutions. Some solu-
tions might involve interactions with
users to help choose among the alter-
natives. However, since a user’'s com-
mon sense can be inaccurate, how can
the agent decide between its own pref-
erences for a solution versus being pre-
empted by the user's common sense?
As in the aforementioned smart city
example, conflicts among the hypoth-
eses must be resolved when multiple
decision makers are involved. Solu-
tions must also allow for defeasible
reasoning as time elapses.

Defeasible reasoning is essential.
Compared to other AI/ML topics, it
hasreceived too little attention. Open
questions include how to represent
defeasible rules and exceptions, how to
efficiently handle these rules and con-
flicts among them at runtime, and how
to integrate defeasible reasoning into a
comprehensive robust and common sense
architecture. Learning from large data
alone may find some common sense
facts and support some common
sense reasoning, but additional facts,
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rules, exceptions, missing context,
support for inference, etc. will likely
require a multicomponent architec-
ture that integrates, at least, large
language models, robustness solu-
tions, and abductive and defeasi-
ble components.

Can we develop complexity classes
for common sense solutions that can
identify when and where common
sense will likely be correct and oth-
ers where they are intractable? Can we
define the boundaries of what a particu-
lar solution can and cannot do? Perhaps
various logics will be able to do this
at least for some classes of problems.
For example, logic can define various
constraints, such as a “solution should
not send a police car on a call down a
one-way street the wrong way,” and
such constraints can be guaranteed
to be adhered to in a final output. But,
logic alone may not be capable of spec-
ifying certain types of constraints and
adding every possible constraint you
can think of to frame a solution does
not scale.

How can neuroscience, brain-
memory concepts, and results from psy-
chology contribute to the fundamental
understanding of common sense? As
these results appear, it is likely to con-
tribute to the way in which the com-
ponents of the proposed architecture
arerealized.

How will reinforcement learning
play a role in supporting common sense
solutions?1?2 This may be especially
important in personalizing common
sense. However, reinforcement learn-
ing solutions that learn everything
from scratch will not likely be able
to or take too long to learn enough
common sense to be effective. Rein-
forcement learning would also have
to be integrated with the other archi-
tectural components described in

this article. Some application types,
for example, safety critical ones, may
not be suitable for reinforce-
ment learning.

FINAL REMARKS

The proposed architecture in this arti-
cle is a more comprehensive collection
of modules (see Figure 1) than in cur-
rent solutions. Four main common
sense architectures are often used
today. One, neurosymbolic approaches
combine deep neural networks with
rule-based Al. Two, world models con-
tain an internal representation of the
environment, such as intuitive phys-
ics. Three, LLMs try to learn common
sense from large data sets. Four, mul-
timodal solutions incorporate visual,
audio and textinformation asinputsto
the models. The proposed architecture
could use any of these four approaches
as the main imodule labeled “Build
Application Domain Model With
Robustness Methodology.”

Since common sense solutions are
highly personalized, other issues must
be simultaneously handled, such as
privacy, security, data collection, user
consent, and how and when to over-
ride user’s common sense.

There are research works that argue
that formal logics are too brittle and
suffer from scaling issues to be used for
common sense. However, formal logics
can support various aspects of robust-
ness and abductive and defeasible rea-
soning and, therefore, can and should
complement common sense solutions.

Common sense requires intuitive
reasoningandis generativeandinstan-
taneous. Solutions cannot weigh all (or
even many) choices like an ML model
might do with probabilistic scores
on every choice. Efficient real-time
components and architectures must
be developed.
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This article focused on major aspects
oftheapproachtocommonsense,includ-
ing context, personal views, robustness,
abductive and defeasible reasoning, and
the need for comprehensive architec-
tures. There are many other important
issues that are outside the scope of this
article, including context engineering,
abstract thinking, non-monotonic logic,
negative case understanding, real-time
processing, counterfactual knowledge,
naive knowledge of physics, knowledge
of social norms, reasoning in unseen
situations, spatial and temporal reason-
ing, and for systems to know what they
don’t know.

chieving common sense in

AI/ML is incredibly complex.

If successful, alarge reduction
of hallucinations, errors, and nonsen-
sical outputs would occur. This article
argues that, in a general sense, it is not
likely possibleto develop a general solu-
tion for common sense due to consid-
erable nuances and context required,
and because in many domains com-
mon sense is highly personal. The arti-
cle also suggests that development of
improved robustness techniques can
mitigate some or even many of the
nonsensical results today’s models
sometimes exhibit. Nevertheless, since

common sense is not the same thing as
robustness, adding solutions for com-
mon sense, especially targeted for the
domain of the application, will be help-
ful and feasible. It is also suggested
that comprehensive architecture is
required with at least the following
components: robustness, abductive
and defeasible reasoning, and formal
methods. Since this is such an active
field, many topics could not be covered
and are mentioned in open questions
and final remarks.
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