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echnology is rapidly advancing us to a crucial juncture in humanity’s relation-
* ship with the law. In future disputes, machines may make life-and-death deci-
sions all on their own. In 1970, the film “Colossus: The Forbin Project” brought
ae to the theaters Dr. Charles A. Forbin’s creation—a super computer designed to oversee
"3 and control America’s huge military defense system. Not only will it control the nation’s
! nuclear tipped missiles but it has limitless potential due to the sentience and artificial
¥y 9 y intelligence that Forbin embedded within the system. After launching a nuclear tipped 7
o »« missile at a Soviet oil field to convey a lethal lesson, Colossus tells Forbin that the world, R f
A\_ &+ under its absolute control, is now freed from war. E_ﬂ U
% Litigation, an only marginally less so form of Armageddon, has rampant inefficiencies |
v ' that make it nearly impossible to obtain an expeditious, on the merits resolution of even Jers—
S the most straightforward lawsuits. One commentator has noted: T
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The recourse to legal actors and proceedings is costly, emotionally debilitating,

and potentially counterproductive. The adversary system can be a hugely ineffi-

cient means of uncovering facts; its relentless formalities and ceaseless opportuni- o

ties for splitting hairs are time consuming and expensive.2 ' R

Litigation is inefficient because it is ponderous and labored, which means that a cli- 0 /10/1
@ ent’s financial and personnel resources can be redirected for extended periods of time. A 1010
large pending case can require a client to set aside substantial financial resources to ad- [
dress the litigation, to preserve numerous documents and utilize electronic search tools 01 00 10
¥ t0 scan a staggering number of company documents. Moreover, the client will have to
| assign personnel to address the demands of the litigation instead of having them focus - 0 10
on their revenue-generating roles within the company. .

Whatever your attitude toward artificial intelligence, lawyers should count on the
idea that technology will continue to change our profession and particularly how we |
practice litigation. It is difficult to think of a single area of modern technology that has
not penetrated the law firm. Even if some lawyers fought against facsimile machines
and computers at first, technology has made society more efficient and ironically may
have increased the volume of legal services as lawyers began drafting their own docu-
ments and sending their own correspondence by electronic mail. The idea that a solo
practitioner could function without an accountant and legal assistant would have been
unthinkable fifty years ago, but can be standard procedure today.
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This article will discuss the expanding role of artificial intelligence in the legal
profession and the current and future roles of artificial intelligence in our legal system.
I draw comparisons with the U.S. military’s analysis of the role of artificial intelligence

| in war fighting. The basis for that comparison is that the Department of Defense is
at the cutting edge of the development of this technology and highly ethical human
judgment is critical to a morally acceptable outcome—just as with the legal profession.
In addition, this article will discuss the prospect for using artificial intelligence in what
might be considered the most hallowed roles within our legal system, that of the judge
and jury, in their roles as the arbiters of justice.
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Artificial Intelligence — Background and Projections

John McCarthy, a professor of computer science at Stan-
ford, first conceived the term “artificial intelligence” in 1955.3
In 1956, McCarthy invited a group of researchers from a mul-
titude of disciplines, including language simulation, neural
networks and complexity theory, to a summer workshop, the
Dartmouth Summer Research Project on Artificial Intelli-
gence, to discuss what would ultimately become the field of
artificial intelligence.# It was evident many decades ago that
electronic capacity and functionality were doubling approxi-
mately every eighteen months,® and the rate of improvement
showed no signs of slowing down. In fact, experts predict that
spending on artificial intelligence by companies will grow
from $37.5 billion in 2019 to nearly $98 billion in 2023, a
compound annual growth rate of 28.4 percent during the pe-
riod between 2018 and 2023.6

The Dartmouth conference was one of the first serious
attempts to consider the consequences of this exponential
curve. Many attendees came away from the conference con-
vinced that continued advancements in electronic speed, ca-
pacity, and software programming would lead to the point
where computers would someday have the resources to be as
intelligent as human beings.”

Artificial intelligence is the science and engineering of
making intelligent machines. It is not a single technology
but is comprised of related and often-connected technologies
that work together to supply “human-like” responses and rea-
soning,. Also referred to as “cognitive technologies,” artificial
intelligence comprises, among other things, the technologies
of deep learning, natural language processing, machine vi-
sion, speech recognition and expert systems.® Among these,
deep learning is the most transformative and is the core of
what is considered modern artificial intelligence. Deep learn-
ing utilizes neural networks, a computer system modeled
after the human brain and nervous system, that learn from
large amounts of data.? This is akin to how we learn from
experience. The deep learning algorithm would perform a
task repeatedly, each time tweaking it a little to improve the
outcome.'” We refer to “deep learning” because the neural
networks have various (deep) layers that enable learning. “Just
about any problem that requires ‘thought’ to figure out is a
problem deep learning can learn to solve.™

It is estimated that every day we generate a mind-boggling
2.5 quintillion bytes with 90 percent of all data today cre-
ated in the last two years." Since deep-learning algorithms
require enormous amounts of data to learn from, this increase
in data creation is one reason that deep learning capabilities
have grown in recent years. In addition to more data creation,
deep learning algorithms benefit from the more robust com-
puting power that is available today. It is computing capacity
that makes deep learning possible. The typical human brain
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is made of an estimated 86 billion interconnected brain cells,
or neurons."” To provide a sense of the advances that are being
made in this area, in the summer of 2019 Intel made consider-
able progress toward a digital equivalent of the human brain
by building a computer system with 8 million digital neurons
and has the goal of reaching 100 million by late 2019.14

Artificial neural networks seek to simulate these biologi-
cal networks and get computers to act like interconnected
brain cells, so that they can learn and make decisions in a
more humanlike manner.” Discrete areas of the human brain
process information differently, and these parts of the brain
are arranged in a hierarchical fashion." As information enters
the brain, “each level of neurons processes the information,
provides insight and passes the information to the next, more
senior layer.”"”

With deep learning, the computer trains itself to process
and learn from data. According to Ray Kurtzweil, an Ameri-
can inventor, futurist and director of engineering at Google,
by 2045, computers utilizing artificial intelligence will sur-
pass human intelligence.” He describes uploading as a pro-
cess of “scanning all of the salient details (of a human brain)
and then reinstantiating those details into a suitably powerful
computational substrate.” This process would capture a per-
son’s entire personality, memory, skills and history.”?

Deep learning is a method for software to learn by trial and
error at a pace limited only by computer processing power
and cloud storage.” Using unstructured data? (80 percent
of all the data that exists is unstructured)”® and operating
without the need for explicit, step-by-step instructions, deep
learning systems iteratively generate solutions.” The outcome
from many deep learning iterations is a digital neural net-
work considered comparable to how humans think, which es-
tablishes patterns, relationships and connections within data
that is otherwise unstructured dara.

Now, “new machine learning approaches literally have the
machines learn on their own things that we don’t know how
to explain.”? The machines learn patterns, correlations and
rules, sometimes the ones that humans use to accomplish the
task but other times ones that humans cannot discern.?s In-
deed, many times the programmer cannot account for how
the machine came to a particular result, even if the result
is correct.”” Tasks that were once impossible to automate
are now on par with human experts, including not only fa-
cial recognition,?® but also skin cancer detection® and some
types of language translation.’® IBM’s Watson, for example,
analyzed questions and content comprehensively and quickly
and eventually won “Jeopardy!” against former champions.*
Reinforcement learning, a category of machine learning, en-
tails experimentation.”” Reinforcement learning is already
prevalent in some forms of artificial intelligence. A computer
developed by a subsidiary of Alphabet learned and mastered
Go, a notoriously complicated board game, and eventually




beat one of the world’s best human players.® With reinforce-
ment learning, “the neural network is reinforced for positive
results, and punished for a negative result, forcing the neural
network to learn over time.”?*

Autonomous Weapon Systems and the U.S. Military

While to some it may appear to be a non-analogous leap to
commingle the discussion of artificial intelligence in a legal
context with the discussion of the same technology in a mili-
tary context, there are concerns that both systems face with
the use of this technology, and in particular the military’s
experience, struggles and constraints.

In the 115th Congress, thirty-nine bills included the phrase
“artificial intelligence” in the text of the bill®® and incorpo-
rated an often-cited classification scheme that categorizes
artificial intelligence systems as designed to think rationally,
act rationally, think like humans, or act like humans.*® Sev-
eral of these bills were enacted into law.?” These classifications
were broadly incorporated into the first statutory definition
of artificial intelligence, included in the John S. McCain Na-
tional Defense Authorization Act for Fiscal Year 2019 (P.L.
115-232). Section 238 provides that the term “artificial intel-
ligence” includes:

(1) Any artificial system that performs tasks under vary-
ing and unpredictable circumstances without signifi-
cant human oversight, or that can learn from experience
and improve performance when exposed to data sets.

(2) An artificial system developed in computer software,
physical hardware, or other context that solves tasks re-
quiring human-like perception, cognition, planning,
learning, communication or physical action.

(3) An artificial system designed to think or act like a
human, including cognitive architectures and neural
networks.

(4) A set of techniques, including machine learning,
that is designed to approximate a cognitive task.

(5) An artificial system designed to act rationally, in-
cluding an intelligent software agent or embodied ro-
bot, that achieves goals using perception, planning,
reasoning, learning, communicating, decision-making
and acting.

Department of Defense (DOD) Directive 3000.09,
Change 1, dated May 8, 2017, titled “Autonomy in Weapons
Systems,” provides that autonomous and semi-autonomous
weapon systems are to be designed to allow commanders and
operators to exercise appropriate levels of human judgment
over the use of force.”® Additionally, the DOD does not cur-
rently have an autonomous weapon system that can search
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for, identify, track, select and engage targets independent of a
human operator’s input.*

The DOD directive also stipulates that “autonomous and
semi-autonomous weapon systems shall be designed to allow
commanders and operators to exercise appropriate levels of
human judgment over the use of force,” precluding the devel-
opment of fully autonomous weapons systems.*” This reluc-
tance to pursue fully autonomous weapons systems was fur-
ther emphasized during 2017 testimony to the Senate Armed
Services Committee, when then-Vice Chairman of the Joint
Chiefs of Staff General Paul Selva stated, “I am an advocate
for keeping the restriction, because we take our values to
war.... | do not think it is reasonable for us to put robots in
charge of whether or not we take a human life.

The standard for autonomous weapon systems’ compliance
with the laws of war should arguably not be whether they are
able to make unflawed decisions, but whether they are able
to follow the principles of proportionality, military neces-
sity and distinction, at least as well as human operators.” “It
must be emphasized that as a matter of law, more may not be
asked of autonomous weapon systems than of human-operat-
ed systems.”® With increasingly sophisticated sensors linked
to advanced artificial intelligence, in the not too distant fu-
ture, autonomous systems may be capable of distinguishing
between civilians and combatants at a level comparable to a
human operator in at least some battlefield environments. In
that instant, it will be the responsibility of commanders to
ensure that any autonomous weapon systems used is capable
of distinguishing between civilians and combatants in the en-
vironment in which they are deployed.*

Opponents also argue that human compassion and other
emotions are necessary to ethical war-fighting.” Human em-
pathy, some argue, helps soldiers to assess the objectives of
potential human targets to discern whether they really pose
a threat.*® Machines may possibly never be programmable to
effectively emulate empathy.”” “On the other hand, propo-
nents of such systems argue that human emotions—fear, an-
ger and the instinct for self-preservation—may lead to adverse
consequences on the battlefield. Robots, they posit, may not
be subject to human errors or unlawful behavior induced by
human emotions.”®

War fighters must be mindful of over-dependency upon
situational data provided by an autonomous system in or-
der to avoid excessive reliance by the combatants upon the
“judgment” of the autonomous system rather than their own
seasoned judgment. This type of over-reliance could lead to
the phenomenon of “automation bias.™ Taken to a logical
conclusion, this reliance upon the assessment provided by the
autonomous system can lead to a psychological detachment
from the consequences of the delivery of weapons systems
and make killing too remote for soldiers.”
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Any standardized position on the use of artificial intelli-
gence for battlefield decisions should ultimately be informed
by verifiable scientific data on the benefits and drawbacks of
human as opposed to machine decision-makers.? If it turns
out that the machine is less prone to mistakes and less likely
than humans to be influenced by, for example, fear or hatred,
then the war fighter should be required to use artificial intel-
ligence in decision-making in order to reduce harm to civil-
ians.”> “Failure to use such technology may be regarded as
failure to apply a reasonable precaution.”

When there are large gaps between the data gathering and
analysis capacity of machines and humans, human control
provides less value. Importantly, it is these gaps—which are
bound to grow with the utilization of advanced and abundant
battlefield sensing systems—that will lead humans away from
being decision-makers in many war fighting situations and
effectively being repositioned as a check on artificial intel-
ligence decision-making power.>

Artificial Justice

As with the military utilization detailed above, artificial
intelligence is permeating numerous aspects of the practice
of law. Much like the military, the U.S. legal system is wary
of the prospect of turning over total control of adjudication
to machines. Nonetheless, there is a steady erosion of tasks
that at one time were considered too challenging for com-
purtational involvement. For example, many legal research
services such as CARA, Clerk, EVA, and vLex now include
brief-evaluation tools that use artificial intelligence to analyze
a brief, whether for a client or from an opposing party.”

These services look at factors such as the procedural posture
of the case, the pattern of citations, and even which citations
may be missing’® They can evaluate strengths or weakness-
es of a brief or pleading based on which claims are made or
omitted. Researchers at LegalMation have created document-
automation tools that ingest complaints and with arrificial
intelligence create the first draft of responsive pleadings, even
though for a limited number of causes of action and in a small
number of jurisdictions.’”

Artificial incelligence capabilities are growing and will un-
doubtedly be deployed into activities that are presently seen
as the sole purview of the human jurist. The role of artificial
intelligence systems in litigation includes a range of possibili-
ties from the increasing use of technology in legal and judi-
cial processes prior to trial to having some involvement in
court proceedings. Even before a case is docketed, artificial
intelligence may already affect how cases are prepared and
presented to the court.”®

The very role of a trial in our modern American justice sys-
tem is to provide a fair process in which to definitively resolve
an otherwise intractable dispute. A basic premise of our legal
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system is that if the trial is procedurally fair, the outcome of
the process is presumed to be correct. If people consider that
they have been treated fairly, they are more likely to accept
a decision and outcome.” The presumption is intentionally
designed to prevent the potential for endless re-litigation of
cases. The American legal system does, of course, recognize
the prospect of trial error, and includes a sophisticated ap-
peals process to correct errors.

Importantly in this analysis, the Supreme Court has opined
that jurors “are presumed to be fitted” for “[d]etermining the
weight and credibility of witness testimony” by “their nat-
ural intelligence and their practical knowledge of men and
the ways of men,” and that a “fundamental premise of our
criminal trial system is that ‘the jury is the lie detector.”®
But does the public necessarily believe in the jury’s ability to
determine fabrications of the truth? The myth that “lie de-
tecting is what our juries do best™ may no longer be credible
in the age of DNA-based convictions and exonerations. Nor
are jurors particularly skilled at determining when witnesses
are credible but mistaken, as empirical studies on eyewitness
identification testimony have shown.

According to a study performed in 2000-2001 by North-
western University statistician Dr. Bruce Spencer, juries
wrongfully convict in about thirteen percent of cases.® When
they err, they do so more asymmetrically; they are more likely
to convict an innocent person than to acquit a guilty person.®
It is only to be expected that any system relying exclusively
on human judgment will make mistakes. The number of con-
victed felons who have been exonerated by improved DNA
and other forensic tests is a disturbing reminder on the imper-
fections of our justice system and ourselves.

Judges and juries bring different skill sets and life experi-
ences to their roles.® Judges are not only legal experts, but
also have the advantage of becoming very familiar with the
evidence that is presented in similar cases over an extended
period. Juries on the other hand, have the benefit of pooling
their education and experience, which maximizes their col-
lective recollection and comprehension of the evidence and
minimizes the possibility that biases held by any one juror
will inappropriately skew the jury’s interpretation of evidence.

Enter artificial intelligence and the impacts of that technol-
ogy. It may begin even with influencing which cases get be-
fore a judge, as predictive coding developments enable predic-
tions to be made as to the outcome of litigation.” In Mexico,
the Expertius system is advising judges and clerks “upon the
determination of whether the plaintiff is or is not eligible for
granting him/her a pension.”® In the United States, predic-
tive coding has been used to help determine whether recidi-
vism is more likely in criminal matters and to assist in mak-
ing decisions about sentencing.”




Judicial Temperament

“Judicial responsiveness requires judges to act from the per-
spective of conscious legal rationality and also with intuition,
empathy and compassion.””” The function of the human
judge is not to crunch data. Some would undoubtedly argue
that the attribute of the humaneness of the judge must be in-
fused within the technology so that it plays a principled role
in advancing a responsive justice system. At least one MIT
professor of artificial intelligence has postulated that due to
the interplay of the brain’s frontal lobe and limbic system (the
subcortical areas that play a critical role in pattern recogni-
tion of sound, vision, and smell), our ability to reason and to
weigh the value of information depends in part on our ability
to feel emotion.”

Many artificial intelligence experts believe the converse is
true and see no merit in the role of emotion, preferring to build
systems that rely solely on rules.”” Stanford computer science
professor John McCarthy argues that emotion should not be
a consideration in computing, that emotion is not essential to
intelligence, and can be problematic.”* “The goal is to build
machines that apply certain human values and principles in
decision-making.””* Computational cognitive modeling,” for
example in the area of contractual approach to ethics™® is be-
ing used to describe principles used in decision making and to
determine how human minds apply those rules.

Affective Processing

Assuming arguendo that emotional artificial intelligence is
central to the transition to machine adjudication, is there a
path forward or is it simply beyond the pale of human en-
deavor to infuse such capabilities into a machine? As noted
above, we seek for our judges to act with intuition, empathy
and compassion. Artificial intelligence and neuroscience re-
searchers agree that artificial intelligence, at present, does not
have its own emotions.”” Artificial intelligence, however, is
rapidly evolving and advances in “affective processing,”—a
field of study and development of systems and devices that
can recognize, interpret, process and simulate human af-
fects—may yield a form of machine empathy.”® One critical
challenge for researchers is to develop the ability to simulate
empathy. Ideally, in a judicial setting, the machine should
interpret the emotional state of the participants and adapt
its behavior to them, giving an appropriate response to those
emotions.

Building a machine that can perceive emotional signals is
distinct from teaching a machine to interpret them. Express-
ing emotion is yet another separate task.”> “In a machine . .
. you can decouple capabilities — train it to recognize anger
but give it no feelings. And you can go pretty far with this,
making it perceive or even express emotions but without the
actual feelings.”®® The task of designing an integrated arti-
ficial moral decision-making system is complicated by our
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still-evolving understanding of how human moral decision-
making actually works.

Selecting the morally critical features of a situation is a
complex undertaking that may proceed largely unconscious-
ly, and is likely supported by a combination of theoretical
reasoning and emotional intelligence.” Emotions also argu-
ably provide important channels for acquiring information
relevant to moral decision-making.*> Some would assert that
the human ability to assess the emotional state of others is
essential to our ability to respond in an appropriate manner.

Bias — Human and Machine

The growing use of artificial intelligence in sensitive areas,
including for hiring, criminal justice, and healthcare, has
stirred a debate about bias and fairness. “Some researchers
have highlighted how judges” decisions can be unconsciously
influenced by their own personal characteristics.”®

At least one author has argued that the motivating impulse
which leads a judge to his decision is his “intuitive sense of
what is right or wrong in the particular case.”® Once the de-
cision is rendered, the judge will work aggressively to justify
his or her decision within his or her own mind and to with-
stand criticism from peers.*”” The judicial hunch “is a compos-
ite reaction to a multitude of responses to the stimuli set up
by witnesses—stimuli which encounter the judge’s biases, ste-
reotypes, preconceptions and the like.”®® It appears that bias,
whether human or algorithmic in nature is, and will continue
to be, a source of concern.

In the world of artificial intelligence, it is generally the
data as opposed to the algorithm itself that is most often the
main source of the issue.’” Bad data can contain implicit ra-
cial, gender or ideological biases.?® “Models may be trained
on data containing human decisions or on data that reflect
second-order effects® of societal or historical inequities.” As
computer scientists work to develop artificial intelligence sys-
tems that can be trusted, it is critical to develop and train
these systems with data that is unbiased, and to develop al-
gorithms that can be easily explained. More than 180 human
biases have been defined and classified, any one of which can
affect how we make decisions.”

There are two principal mechanisms by which bias shows
up in training data. The first is that the data reflects existing
prejudices and the second, it is unrepresentative of reality.””
The latter situation might occur, for example, if a deep-learn-
ing algorithm is fed more photos of dogs than cats. The re-
sulting animal recognition system would understandably be
less adept at recognizing cats.

The first path for introducing bias can be illustrated with
Amazon’s efforts in 2014 to build a computer program to re-
view job applicants’ resumes with the aim of mechanizing
the search for exceptional talent.”? By 2015, the company re-
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cognized that the algorithm in concert with the data was not
rating candidates for software developer jobs and other tech-
nical posts in a gender-neutral manner. Amazon’s computer
models were trained to screen applicants by observing histori-
cal patterns in resumes submitted to the company.”> Most of
the resumes were provided by men which is a reflection of
the male dominance within the tech industry.”* The Amazon
system taught itself that male candidates were more desirable.
It downgraded resumes that, for example, included the word
“women,” as in “women’s chess club captain.”®

It is also possible to introduce bias during the data prepara-
tion stage, which involves selecting which attributes the algo-
rithm is to consider. In the case of modeling soil quality, for
example, an “attribute” could be the concentration of certain
nutrients, hydraulic conductivity or moisture content. In the
case of Amazon’s recruiting tool, an “attribute” could be the
candidate’s gender, education level or years of experience.
This is what is often referred to as the “art” of deep learning:
choosing which attributes to consider or ignore can signifi-
cantly influence the model’s prediction accuracy. But while
its impact on accuracy is easy to measure, its impact on the
model’s bias is not.

Bias can also arise based on the biases of the users driving
the interaction. A clear example of this bias is Microsoft’s Tay
(acronym for “thinking about you), an artificial intelligence
chatbot” that was originally released by Microsoft via Twit-
ter on March 23, 2016.” Tay caused considerable controversy
when the bot began to tweet all sorts of misogynistic and
racist remarks, causing Microsoft to shut it down in less than
24 hours after its launch.® According to Microsoft, this was
caused when people tweeted the service and the bot made
replies based on its interactions with the people on Twitter.?”

As intelligent systems are built that make decisions with
and learn from human partners, the same sort of defect might
arise in more problematic circumstances, including within the
legal system. One solution may be to partner individuals with
the intelligent system that can guide them over time. What
was learned from the Tay experience was that such systems
will infuse the biases of people interacting with the system,
thereby reflecting the opinions of the people who train them.

Identifying, mitigating, and hopefully someday eliminat-
ing bias in artificial intelligence systems is essential to build-
ing trust between humans and machines that learn. IBM
Researcher Francesca Rossi opines that “As Al systems find,
understand and point out human inconsistencies in decision
making, they could also reveal ways in which we demonstrate
partial, parochial, and cognitive biases, leading us to adopt
more impartial or egalitarian views.”!”” “In the process of rec-
ognizing our bias and teaching machines about our common
values, we may improve more than AL We might just im-
prove ourselves.”!"!

42 'The Journal of the Kansas Bar Association

In summary, there are many complicated hurdles to over-
come with the development of artificial intelligence systems
before they attain the capability of assuming the role of fair
jurists. Nonetheless, it is this author’s opinion that with the
passage of time, we shall see these systems advance into roles
that today seem quite unimaginable. B
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