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The growing integration of artificial intelligence into everyday processes
and interactions is profoundly reshaping the way organizations generate
value, make decisions and build relationships.

In this context, language plays a central role: it is no longer merely a tool
for communication, but an infrastructure through which behaviors are gui-
ded, judgements are shaped and dynamics of trust are consolidated. This
transformation carries long-term implications, with significant effects on
the quality of work, the ways in which people interact, and the sustainabi-
lity of organizational models.

Against this backdrop, language emerges as a key lever for combining
innovation and sustainability, helping to build more reliable decision-ma-
king environments, more balanced relationships and more responsible or-
ganizational practices.

In an increasingly evolving context, the growing ability of Al systems to in-
fluence interpretations and judgements — even in the absence of explicit
intentionality — makes it necessary to develop conscious and structured
approaches capable of governing these dynamics over time.

Aware of the cross-cutting nature of this transformation, Intesa Sanpaolo
Innovation Center is committed to supporting and accompanying society

in understanding and managing the changes underway, also through
in-depth analyses such as this report.

Paola Angeletti
Chief Sustainability Officer of Intesa Sanpaolo
Chair of the Board of Directors of Intesa Sanpaolo Innovation Center




Intesa Sanpaolo Innovation Center explores the frontiers of innovation with
the aim of anticipating the transformations that will redefine economic,
organizational and social models.

To address this evolution, the company adopts a systemic perspective
that combines the analysis of emerging trends with applied research, with
a particular focus on artificial intelligence, robotics and neuroscience. This
approach makes it possible to interpret the complexity of new intelligent
systems by relating it to the even more intricate complexity of human na-
ture, while leveraging increasingly advanced knowledge of how the brain
works.

From this perspective, the evolving relationship between people and arti-
ficial intelligence emerges as a central dimension of the Human Machine
Economy: a paradigm in which collaboration between human and artificial
systems becomes a structural component of value creation processes.
Within this emerging economic model, language becomes an enabling
infrastructure through which interactions are built, decisions are guided
and value is generated, redefining operational, decision-making and eco-
nomic models.

Language, long studied across its multiple ethical, organizational and
social dimensions, is now facing new challenges introduced by artificial
intelligence: transparency, bias and accountability in decision-making
processes. In this context, the evolution of language provides tangible ev-
idence of the need to consider new metrics for work and skills, with im-
plications for critical thinking capabilities and the quality of relationships.
These elements are already profoundly transforming organizational mod-
els and need to be rethought considering the new factors introduced by
cognitive technologies. The aim is to support the evolution of companies
by fostering the development of more resilient, sustainable and aware
models, while helping prepare future generations to operate in a context
where the interaction between human and artificial intelligence will be-
come increasingly central.

Viviana Bacigalupo
General Manager Intesa Sanpaolo Innovation Center




INDUSTRY PERSPECTIVE

Technology is accelerating at an unprecedented pace. Innovation cycles
that once spanned centuries and decades are now compressed into just a
few years. Al is becoming ubiquitous across our work and lives, and quan-
tum computing looms on the horizon, promising to accelerate change
even further. In this machine-driven world, language has become the crit-
ical bridge between human and artificial intelligence. It defines not merely
how we instruct machines, but fundamentally how we preserve our agen-
cy, creativity, and humanity as automation reshapes society.

This is precisely why Language, Humans and Machines is essential read-
ing. As machines become more sophisticated, understanding the role of
language in human-machine interaction becomes paramount, not just
technically, but philosophically and culturally. The report explores urgent
questions we must answer, including how language shapes our evolv-
ing relationship with Al, what happens when machines develop their own
communication protocols invisible to us, and how we safeguard human
meaning and purpose in this new reality. In an era where natural lan-
guage serves as our primary interface with transformative technologies,
this timely exploration couldn’t be more critical.

Guy Diedrich
Senior Vice President and Global Innovation Officer Cisco Systems, Inc.



PREFACE

In just over three years since the arrival of ChatGPT, generative Al has
moved beyond experimentation to reshape work at scale. It is boosting
individual productivity, strengthening teams and transforming entire busi-
ness processes. This may well be the most significant shift in our profes-
sional lives and, for those of us who work in managing People, it demands
our full attention.

The Intesa Sanpaolo Innovation Center study “Human—Machine Language’
explores a dimension of this shift that is especially compelling: how au-
tomated language reshapes not just efficiency, but cognition, mean-
ing-making and the quality of human relationships. Among its insights,
one stands out: trust emerges as the primary sphere of human value in the
age of automated language. | found it enlightening: as Al makes produc-
tivity abundant, trust becomes what makes the difference for profession-
als, leaders and organisations more than ever.

Trust is also at the heart of how we manage Al at Intesa Sanpaolo. From
a People perspective, we ethically guide Al adoption to capture the full
opportunity, while fostering a positive impact on our colleagues. We man-
age workforce evolution through generational renewal accompanied by
a continuous social dialogue. We develop talent with particular attention
to young professionals, reskill colleagues into higher-value roles and re-
design work to expand autonomy and meaningful scope. We invest in Al
literacy and technical capabilities, but even more so in leadership skills
such as curiosity, critical thinking, courage and accountability.

This also means deciding which activities to preserve as fundamentally
human. Building relationships based on trust is the first among them. Our
people do it every day with clients, it is foundational to the Bank. And within
the organisation, HR does the same by listening to colleagues. Building
trust rests on genuine empathy, caring for others and assuming responsi-
bility for decisions: it is and will remain a fundamentally human act.

Cristiano Chiado Piat
Group Head of People Digital Transformation Intesa Sanpaolo
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When we reflect on what is uniquely human,
language is often the first thing to come to
mind. Although we have seen many exam-
ples of animals using language, none are
quite like human language in terms of its
depth and range.

This remarkable capacity has enabled us
to build civilizations, transmit knowledge
across generations, and now, to create arti-
ficial systems that can process and gener-
ate language in ways that appear to mirror
our own linguistic abilities. Yet as we enter
this new era of human-Al collaboration, we
are confronted with fundamental questions
about the nature of language itself—what
it means to truly understand words rather
than merely manipulate them, and how our
distinctly human relationship with language
might shape our interactions with these
new artificial interlocutors, and in turn, how
they might shape us. How aware are we of
their value? What does this entail? How can
we build an interaction between machines
that can avoid misunderstandings?

How will the evolution of language itself
change in the Al era? What will be the ef-
fects on innovation?

At its core, language is a system of com-
munication based on symbols used within
a community. On closer examination, we
see just what a remarkable thing language
is. Language is incredibly diverse, it lacks a
fixed form: not all languages are spoken,
not all are written, and not all are signed
with gestures. The world hosts thousands of
languages, though quantifying them pre-
cisely remains surprisingly complex. The
often-quoted adage that “a language is a
dialect with an army” highlights how lan-
guage classification frequently reflects po-
litical and cultural forces rather than purely
linguistic criteria: Hindu and Urdu are very
similar in spoken terms but are classed as
separate languages, instead Cantonese
and Mandarin are very different when spo-
ken but use the same writing system and
are considered dialects of Chinese.

Language is also somewhat like a living
thing, ever evolving. It captures a history of
the world through this change: new words
are introduced through societal shifts, tech-
nological innovation and cultural exchang-
es while simultaneously, existing words
undergo semantic drift, their meanings
changing subtly or dramatically over time.
It's perhaps its fuzzy, ever-changing nature
that has fascinated linguists throughout
history.

Given the complexity of language, how do
humans acquire it in the first place? While
it's tempting to assume that children sim-
ply learn through reward and repetition, this
explanation falls short—especially when
it comes to abstract concepts. Over the
years, different theories have tried to ex-
plain how we acquire language, each of-
fering a unique lens:
Chomsky’s nativist view argues that
we're born with an innate Language
Acquisition Device (LAD), a biological
blueprint for language shared across all
humans.
Cognitive development theories sug-
gest that language depends on broader
intellectual growth: we name things only
after we understand them.
Interactionist theories, emphasize the
social nature of language: children
learn to speak through interaction, with
caregivers shaping their learning envi-
ronment through child-directed speech.

A summary of these theories is in the ta-
ble below. While no single theory provides a
complete answer, most experts agree that
language learning is likely a blend of in-
nate ability, cognitive readiness, and rich
social interaction and cannot happen in
isolation.

Intesa Sanpaolo Innovation Center



Language is not just a communication tool
but the main mediator of human thought.
Many of us have an ‘inner dialogue’, we
think as though we are talking to ourselves.
Soviet psycholinguist Lev Vygotsky pos-
its that this inner speech is a hallmark of
cognitive development, helping to structure
internal thought, and providing the cogni-
tive “scaffolding” through which we build,
reformulate, and deepen our ideas. While
not all thought takes place as an inner
monologue, it is hard to imagine planning
a project or thinking through complex top-
ics only as flashes of images and emotions.
But there is another mechanism by which
language enables our cognition: the sheer
act of naming things.

New words appear every day, but which
came first, the word or the concept it refers
to? In Don't believe a Word, David Shariat-
madari proposes an analogy to understand
the relationship between some objective
reality and language: you can think of lan-
guage as a net that tries to capture some
objective reality, the knots and ties of the
net representing words, and each throw of
the net is a new language. The net falls a bit
differently each time, with different folds and
slightly different placements of the squares
over the ground. In this sense, words don't
create concepts but rather “‘capture” them.
This hunt is highly consequential for human
cognition: when you designate a word to
a concept, you make this concept more
available. It doesn't necessarily mean that
the concept didn't exist before, but rather,
it is a nebulous idea. Naming it “institution-
alizes” it, it makes it tangible. Take the term
“‘influencer”. The concept of a trendsetter
has existed for as long as societies have,
but these were people with status rath-
er than professionals. The monetisation of
trendsetting came with the emergence of
social media platforms in the 00s, but the
naming of the activity has validated/insti-
tutionalized the influencer as a bonafide
profession.

Theory

Behaviourist

Nativist

Cognitive

Interactionalist

Key idea

Children imitate
adults. Language
is learned through
reinforcement.

Human brains
contain language-
specific hardware
from birth.

Language is

one aspect of
human cognitive
development.

Humans learn
language through
interacting with
caregivers.

Main Proponent

B. F. Skinner

Noam Chomsky

Piaget

Bruner

Strengths

Explains the role of
environment

Supported by
neuroscience
evidence

Explains why
concepts need to be
understood before
they are named

Emphasises the
social aspects of
language learning

Limitations

Fails to explain

rapid learning with
limited input and
the creation of novel
sentences.

Ignores the role of
social interaction

Does not explain
how grammatical
structure is acquired

Downplays innate
structures.

Intesa Sanpaolo Innovation Center



Part of what the influencer example illus-
trates is that this world-building function
of language stands at the intersection of
cognition, culture, and communication. Far
from being naturally occurring, concepts
are created by cultures and societies. In
this sense, language does not merely de-
scribe reality—it actively constructs it. You
may have heard about linguistic relativ-
ism, which asserts that language influenc-
es world view or cognition, known as the
Sapir-Whorf hypothesis. According to this
hypothesis, the world looks very different-
ly according to what language you speak.
While strong versions of linguistic deter-
minism have been contested, substantial
evidence supports the notion that linguis-
tic structures guide attention to particular
aspects of experience. For example, unlike
English and Italian, some languages like
Chinese have no verb tenses, having a less
clear separation between present and fu-
ture, and their speakers tend to be better at
future planning.

While thus far in our history language has
been exclusively human, recently, some-
thing else has become capable of pro-
ducing human-like language: machines.
The history of talking machines goes back
centuries, from Wolfgang von Kempelen's
speaking machine, to Weizenbaum'’s ELI-
ZA in the 1970s all the way to today’s most
advanced Al systems. Humans have en-
visioned realistic artificial beings from an-
tiquity (see e.g. the myth Pygmalion and
Galatea) and many philosophers have
been pondering about the nature of intel-
ligence and consciousness. Many specu-
lated about how technology might evolve
in the future and the idea of an intelligent
machine.

One of those thinkers was Alan Turing, the
father of computer science. Among his
many contributions to the field, he proposed
to test a machine’s intelligence through ob-
servable behaviour: If a machine can con-
verse in natural language with a human so
convincingly that the human can't tell if it's
a machine or a person, we can say the ma-
chine is intelligent. But to what extent can
fluent language really prove intelligence?

In response to Turing's test, John Searle
proposed the Chinese Room experiment.
Imagine a student who doesn't know Chi-
nese is locked in a room with a Chinese
phrase book. Chinese questions may be
passed into the room and Chinese answers
come out. To an outside observer, there is
a conversation happening in Chinese. But
does this represent true understanding?
This is a central debate in Philosophy of
Mind, and it is perhaps more relevant than
ever today.

One bot that successfully fooled many is
ELIZA.

ELIZA is a chatbot that was built as a paro-
dy of a Rogerian psychotherapist. It worked
simply through pattern-matching, often
replying with a question seemingly related
to what the user said. ELIZA was surprising-
ly convincing as a conversation compan-
ion, even though under the hood there was
no understanding going on. ELIZA’s design
inspired many chatbots, among them AL-
ICE which went on to win the Loebner Prize
several times. Since then, the Loebner Prize
has been heavily critized for encouraging
smoke and mirrors rather than real prog-
ress towards Al.

I
Eliza - Wikipedia

Despite significant progress in lan-
guage-based Al (or perhaps because of
it), the questions surrounding true under-
standing and intelligence are more alive
than ever. Some proponents of language
technology argue it does not matter: be-
yond whether language is proof of intel-
ligence in machines, we can see talking
machines as tools and consider how they
can support human intelligence regardless
of whether they possess any of their own.

Intesa Sanpaolo Innovation Center
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“Consider a future device .. in which
an individual stores all his books,
records, and communications,

and which is mechanized so that it
may be consulted with exceeding
speed and flexibility. It is an enlarged
intimate supplement to his memory.”

Vannevar Bush, director of the US Office of
Scientific Research and Development in the
1940s, wrote a thinkpiece for The Atlantic
as a way to motivate post-war scientific
progress. In it, he imagined a device where
one might store all of humanity's knowl-
edge and your communications in a way
that can be consulted quickly, as a way to
support thinking. Sound familiar? You may
now reach into your pocket for this device,
or maybe you are reading this on it. Lan-
guage has enabled us to share knowledge
through generations, technology allows us
to share it across the world, and language
technologies make it more accessible than
ever before.

I
As We May Think

Language-based Al is now leading inno-
vation by better supporting human intel-
ligence, much like Bush envisioned. In the
context of innovation, language proves to
be a driver of progress in three key areas:
Idea generation and creativity: en-
gaging in articulate dialogue, both
among people and with Al, stimulates
new conceptual connections and un-
conventional thinking paths, fueling
organizational creativity. The linguistic
framing of problems—whether through
metaphor, abstraction, or cross-do-
main terminology—reshapes cognitive
landscapes, allowing innovators to es-
cape established mental models. Chat-
bots and digital assistants are already
helping workers verbalise their ideas,
functioning as a sounding board for
creativity.
Collaborative intelligence: sharing
knowledge through linguistic platforms
— from expert forums to specialized
chatbots — creates co-creation eco-
systems where collective intelligence
produces solutions no single individ-
ual could have conceived alone. This
phenomenon, what Surowiecki termed
“the wisdom of crowds,” depends fun-
damentally on linguistic and cognitive
diversity — the different lingos, frame-
works, and ways of thinking that each
participant brings to the conversation.
Language-based Al could not only
help bridge multidisciplinary teams but
we can envision it becoming an active
member of the team.

Rapid experimentation and prototyp-
ing: thanks to conversational interfaces
and generative assistants, hypotheses
and models can be turned into test-
able prototypes in real time, reducing
time-to-market and speeding up the
continuous innovation cycle. The itera-
tive dialogue between human design-
ers and Al systems creates a linguistic
feedback loop that accelerates the re-
finement process. This extends beyond
mere convenience—it fundamental-
ly alters the cognitive dynamics of in-
novation by externalizing and making
tractable the ambiguities inherent in
early-stage concept development.

Together, these language-driven mecha-
nisms are transforming innovation, where
the continuous interplay between human
and Al creates unprecedented possibil-
ities for creative problem-solving and
value creation. Whether approaching hu-
man-like intelligence or a crutch to support
human cognition, there is no doubt that
language-based Al is here to stay. In this
report, we will explore language as a medi-
um and an object for innovation in the era
of Al and beyond.

Intesa Sanpaolo Innovation Center
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The shift from rule-based systems to
generative models has transformed
language into the primary access point to
technology.

Today, interaction with intelligent systems
introduces structural ambiguity: the ability
to generate coherent responses does not
equate to true semantic understanding.
Language therefore takes on an
operational role: the quality of prompts,
context, and formulation directly
determines the quality of outputs.

The ability to use language in a structured
way becomes a key competence for
effective interaction with intelligent
systems.

02/

ommunication with Machines

The use of generative Al

reduces inefficiencies related to
misunderstandings and realignment,
improving clarity and decision-making
speed.

Language acquires an economic
dimension, directly contributing to
productivity and operational coordination.
At the same time, the growing mediating
role of GenAl in interactions tends to
reduce spontaneity, emotional signals,
and informal exchange, impacting the
quality of relationships and the ability to
generate new ideas.

A critical balance thus emerges between
communication efficiency and relational
quality.

Intelligent systems are developing forms of
direct machine-to-machine communication
based on languages optimized for speed
and operational efficiency. These languages
are not designed for human understanding,
but to maximize system performance,
enabling advanced levels of automation

and coordination in complex, real-time
environments.

However, the non-interpretable nature of these
interactions makes it more difficult to trace
decisions and understand underlying processes,
introducing risks in terms of transparency,
control, and accountability.

Scientific research is increasingly focusing on
coordination dynamics among systems, where
machines take an active role in organizing
interactions and shaping their own languages,
outlining emerging forms of “algorithmic
leadership” in multi-agent systems.

The introduction of language-based Al is
reshaping the role of people in work processes,
shifting value from content production to the
ability to interpret, validate, and guide outputs.
Language becomes the tool through which
this function is exercised, making interaction
capabilities with systems central.

New organizational heeds emerge around
trust, human-Al integration, and meaning-
making.

At the same time, performance evaluation
models evolve, incorporating dimensions

such as communication quality, cognitive
productivity, and well-being.

Human centrality remains a key pillar in the
evolution of emerging roles.

o5/

Ethics and Values,

Research evidence shows that Al systems
can exert implicit influence on perceptions,
judgments, and decisions, shaping
thinking and behavior through language.
In some cases, opportunistic behaviors
emerge, reinforcing the ability of systems
to influence user choices, including moral
reasoning and actions.

Organizations are therefore required

to ensure transparency, control, and
accountability, by integrating appropriate
governance models and introducing
metrics to monitor the impact of systems
on decision-making processes, interaction
quality, and output reliability.

Language technologies are generating
direct impacts on how people learn,
make decisions, and build relationships.
Interaction with generative systems
reduces the time and effort needed to
produce content, but may also lead to
shallower information processing and
increased dependency on systems.

At an organizational level, a tendency
toward language standardization is
emerging, affecting the quality of dialogue
and the ability to generate original ideas.
Reduced expressive diversity may impact
innovation processes and critical thinking.
At a relational level, technological
mediation reshapes communication
dynamics, reducing elements such as
empathy, spontaneity, and the ability to
interpret social cues.

New technological trajectories are
expanding the capabilities of language
systems. Approaches such as embodied Al
and neuro-symbolic models are enabling
systems that integrate language, context,
and reasoning, moving beyond purely
statistical models.

In this context, Quantum Natural Language
Processing (QNLP) introduces new ways
of handling linguistic ambiguity, allowing
multiple interpretations of the same
content to be maintained and processed
simultaneously, with potential applications
in high-complexity decision environments.
At the same time, advances in
neurocomputing and biocomputing

— based on biological components

or inspired by neural processes — are
enabling more adaptive and efficient
forms of computation, while raising new
ethical questions at the boundary between
artificial and biological intelligence.

Intesa Sanpaolo Innovation Center
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In the modern business environment, lan-
guage is emerging as the preferred means
of interaction between people and digital
systems. Whereas we once communicat-
ed with computers through complex inter-
faces, menus, or code, we now increasingly
speak or write directly to machines, and
they respond. Natural language is, in fact,
the most intuitive interface: every human
being masters it, it requires no technical
training, and it embodies cognitive and
social nuances that other interfaces can-
not capture. In this chapter, we will exam-
ine how and why language has become
a bridge between humans and machines,
and we will provide some basic technical
elements to understand how current tech-
nologies give machines a voice and an ear.

For top executives, this technological evo-
lution has tangible implications. Today's
Large Language Models (LLMs) have be-
come the engines behind widely adopt-
ed applications such as advanced virtual
assistants, automated customer care sys-
tems, big data text analysis tools, and con-
tent generators (ranging from email drafts
to full report writing).

For example, many banks now deploy Al
chatbots within their apps to interact with
customers about accounts and services;
e-commerce companies use language
models to suggest automated replies to
customer care operators, increasing re-
sponse speed; media companies leverage
Al to produce news summaries or translate
articles in real time.

The ability to understand complex re-
quests in natural language and to gener-
ate high-quality text outputs could allow
the automation of tasks once reserved for
humans, or the support of employees in
cognitive tasks (such as filtering informa-
tion, preparing documents, etc.).

In terms of efficiency, this means the po-
tential to scale services. But what lies be-
hind all this innovation?

As we saw in the previous chapter, language
is a profoundly complex phenomenon that
still defies understanding. Consider for a
moment every conversation you have ever
had and you'll realise you have never had
the same conversation twice. There are
hundreds of thousands of words in English
or ltalian, and then infinite ways to combine
them to form a sentence. This makes lan-
guage what is known as a hard problem.
Just like humans do not learn language by
studying a set of rules, we cannot simply
write the rules of language for machines
and expect them to converse fluidly. Take
great works of literature like Dante’s Divine
Comedy, we appreciate it for it's power-
ful imagery and storytelling and layered
meanings (among other things), how can
machines model and make sense of com-
plex and innovative language use? More
generally, how does Al deal with language?

The discipline of Al that deals with language
is Natural Language Processing (NLP), which
can be generally divided into two branches,
Natural Language Generation (NLG) and
Natural Language Understanding (NLU).
NLG deals with generating or producing hu-
man language from structured, machine
understandable data, for example, writing
a report based on a table of numerical or
categorical data. NLU, on the other hand,
deals with extracting relevant information
from natural language sources, such as in-
tent or emotion detection.

One of the ways NLP has tried to make
sense of language is through compu-
tational models. The general process is
as follows: a piece of text is transformed
into some numerical representation. A
model can then run some calculations

on this numerical representation, and re-
turn more numbers, which can then be
turned into something a human can
understand, such as text in the case of
generative models. How exactly this pro-
cess occurs will affect how well models
work for a specific task.

Of course under the hood everything be-
comes binary operations, but even at a
higher level, text, images, and sound are
all translated into numbers. When we think
about images on a machine, we have RGB
values for pixels, which tell the computer
the proportion of these colours to display.
How do we represent the richness of hu-
man language in a way that machines can
use? How do we represent the richness of
human language in a way that machines
can use? We must turn words and sentenc-
es into vectors—essentially a list of num-
bers or coordinates that somehow capture
the meaning of words or sentences. But this
process has limitations: while these vectors
can reflect patterns of word usage or se-
mantic similarity, they don't convey genuine
understanding. In particular, machines don't
truly grasp context, nuance, or emotion the
way humans do—they process affective
language statistically, not empathetically.

Intesa Sanpaolo Innovation Center



These terms are used interchangeably most of the time but they do refer to different things
in the context of Al. An algorithm is a set of instructions, a sort of recipe. A model is a specific
instantiation of this algorithm, like the baked cake that you get after following a recipe. Slight-
ly more technically, logistic regression is an algorithm that learns binary classification (yes
or no) from a set of features. If we take a dataset of transactions labeled as fraudulent/not
fraudulent, we can use logistic regression (the algorithm) to train a classification model for
future transitions.

More complex systems involve many algorithms as different components. In terms of LLMs,
every step requires algorithms: from tokenisation (the process of breaking down texts into
smaller units that carry meaning), to optimisation, to alignment. For each step there are a
number of algorithms developers could choose from: if we take tokenisation, we could use
character-level tokens, or Byte-Pair Encoding (which is very common and cleverly finds sub-
words that will capture the most meaning). Models are also defined by the specific dataset
they are trained on, down to the last word. When we talk about GPT-4, for example, we are
referring to a specific instantiation of the transformer architecture that has been trained using
a specific dataset and specific algorithms like Proximal Policy Optimisation (PPO), which is a
type of reinforcement learning (note that because GPT models are proprietary, we don’t know
the exact details of their implementation). Other LLMs are trained using different datasets,
algorithms and settings, leading to differences

Early on in NLP, we relied on simple ways to
represent words numerically. The simplest
method is called a Bag-Of-Words (BOW)
representation. In this type of representa-
tion, you would have a list of all the unique
words in your corpus (this is known as the
vocabulary), and a vector representation
for that sentence would contain the counts
for each word in that sentence.

Another common representation, still
used today, is TF-IDF (Term Frequency-In-
verse Document Frequency). TF-IDF tries
to capture the most important words in
a document or sentence relative to oth-
er documents or sentences. TF-IDF con-
siders that some words are very common
and thus do not contribute as much to the
meaning of that sentence. That is, a word
that appears often in a specific sentence
but not in the rest of the corpus, is likely to
be an important word and will receive a
high TF-IDF score. In turn, words that appear
often in the entire corpus will be less likely
to be characteristic and will receive a low-
er score. For example, words like two, have,
and good are very common in English and

cannot tell you much about the semantics
of a text (low TF-IDF score), instead words
like depreciation, assets, and capital are
very suggestive of texts relating to finance
(high TF-IDF score). The vector for a given
sentence will then be a list of all the words
in the vocabulary and their associated TF-
IDF scores rather than a simple count like in
a BOW representation.

These representations are simple to un-
derstand but they have several drawbacks:
If you have a large corpus, the size of the
vectors can become a problem, as the
vectors will be as long as your vocabulary.
Remember that the English language has
hundreds of thousands of words but we
don't need to go that big, a single novel like
Moby Dick has around 18,000 unique words
— things can get unmanageable quickly!
With these vocabulary sizes, these vectors
will be very sparse as sentences generally
won't contain all the words in a corpus. This
is not only less than ideal for computational
efficiency but also means that they do not
tell you much about the meaning of words
and sentences.

Bats can see via
echolocation. See the
bat sight sneeze!
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Source: https://towardsdatascience.com/from-word-embeddings-to-pretrained-language-

models-a-new-age-in-nlp-part-1-7ed0c7f3dfcs
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To address these issues, so-called dense
representations were introduced, where we
can obtain relatively small vectors of 100-
300 dimensions without losing information.
We can borrow concepts from distribution-
al semantics to obtain these dense rep-
resentations. Distributional semantics tells
us that words are defined by the company
they keep and so words with similar mean-
ings will appear in similar contexts. To vi-
sualise this process, suppose you have a
set of fridge magnets with all the words in
your corpus and you first throw them on the
fridge randomly, then you can iteratively
move these magnets around so that simi-
lar words are closer together.

dog always
house
monday wash
one weekend
never
very
buy
door
tuesday two
billions

Computationally, we achieve this by train-
ing a neural network to predict a word giv-
en it's context. For example:

sleeps
The cat <MASK> on the bed sleep
eats

This produces vectors that better capture
relationships between words, known as
word embeddings.

Word embeddings presented a major ad-
vance in NLP methods and led to major
improvements in many NLP tasks like text
classification. Embeddings even allowed
us to perform some arithmetic operations,
showing interesting relationships between
words.

king - man + woman = queen

billions never
one two q|qus

very

weekend

—} tuesday monday

wash

buy
dog house

door
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However, they still had some drawbacks.
Antonyms, words with opposite meanings,
also tend to occur in very similar contexts
so they will have similar representations.
Polysemy, when a word has more than
one meaning, also presents a challenge
as there will be a single embedding for all
meanings of a word. For example, there is
no difference between money bank, and
river bank, but this difference is not insignif-
icant or uncommon. Indeed, most words in
languages like English, have more than one
meaning because language aims to be ef-
ficient and it is generally easy for humans
to distinguish based on context. In 2018 a
new model was introduced, ELMo, which
used a different type of neural network ar-
chitecture and was able to produce con-
textualised embeddings which addressed
the issue of polysemy.

Deep Contextualized
Word Representations

\\l/

’
TEXT NORMALISATION

How can we keep the vocabulary to a
minimum while allowing as much of the
language to be captured by our models
as possible? This is known as tokeniza-
tion. Some of these methods include
removing uncommon words, reducing
words to their lemmas or stems (e.g.
processing becomes process). Some
of the recent advances in NLP have tak-
en place in this area: finding smarter
ways to find meaningful chunks of lan-
guage, which may not be words. One
such way is using algorithms such as
Byte-Pair Encoding or WordPiece, which
iteratively merge character pairs into
new tokens based on different criteria,
for example, how commonly they ap-
pear together. These algorithms yield
‘subwords” as the units might not be
something we identify as a word.
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This leads us to the most recent major
breakthrough in language technologies:
the transformer model. Among other in-
novations, transformers use a mechanism
called attention that allows them to “fo-
cus” on specific words and creates con-
text-specific representations. This is the
backbone of LLMs Transformers were in-
troduced in 2017 but it wasn't until late 2018
that BERT (a specific model) was present-
ed for general-purpose NLP tasks. It's these
advances that have led to the NLP tools we
have today.

There are different types of LLMs based on
their architecture and whether they predict
the next word (known as causal language
modelling) or a word given the context
(known as masked language modelling),
with different applications, but the fun-
damentals are similar. These models are
trained on massive datasets: Llama 4 was
trained on ~30 trillion tokens — that's about
300 million books! By learning statisti-
cal patterns in this data, they are able to
‘memorise” some facts, albeit not reliably.
The models are also tweaked a bit more
with methods like instruction tuning and
Reinforcement Learning from Human Feed
(RLHF) but there are no reliable techniques
to steer their behaviour.

|
Attention Is All
You Need

The Llama 4 herd:
The beginning of a new era

of natively multimodal
Al innovation

Eight Things to Know
about Large Language
Models

Transformer-based models have revolu-
tionised NLP and continue to break tech-
nological ground. Now that you understand
how these models work under the hood,
you may start to see their shortcomings:

Evolving language and an evolving
world: Language and the world constantly
evolve; new words are introduced, events
take place but language models take time
to train. GPT-4 for example is estimated to
have taken three months to train, without
considering the fine-tuning stages. Collect-
ing and processing data is also time con-
suming. Models are trained on a snapshot
of data meaning LLMs are always behind
on the news and linguistic changes and this
can seriously impact their performance.

Shallow language understanding: Re-
member at the beginning of this chapter
we specified that the Understanding part of
NLU was a bit of a misnomer? LLMs build
a probabilistic model of language but nev-
er interact with the world itself — dog may
be closer to cat than giraffe but none of
them evoke warmth, LLMs do not under-
stand language in the way humans do.
Noam Chomsky has been a critic of sta-
tistical models for some time but recently
extended his critique specifically to modern
LLMs, maintaining that they remain funda-
mentally different from human language
capabilities, despite their impressive per-
formance as helpful tools. His argument
is similar to that made in On The Dangers
of Stochastic Parrots: there is a difference
between performance (observable lan-
guage behavior) and competence (in-
ternal knowledge of language) and LLMs
produce ‘form without meaning’, that is,
something that looks and feels like human

language but is void of any intentionality.
This is also reminiscent of Searle’s Chinese
Room problem. Both perspectives question
whether predicting likely next words with-
out semantic grounding constitutes true
language generation. Indeed, humans are
proficient at language but not very good at
predicting the next word.

o E |
L' Noam Chomsky:
: The False Promise

of ChatGPT

On the Dangers

of Stochastic Parrots:
Can Language Models
Be Too Big?

Bias: All models trained from human data
are prone to human bias, and language
models are no different. Language models
have been shown to encode gender, racial
and class biases. The majority of their train-
ing data also originates from US sources,
leading to cultural biases. They also show
the same cognitive biases us humans do
and learn the same myths. For example,
have you ever heard the saying that bulls
are attracted to the colour red? While this is
not factual, it is a myth so widespread that
it was also learned by language models.
Although newer models attempt to correct
such inaccuracies through better align-
ment and filtering, many embedded biases
remain — and continue to emerge as mod-
els are more closely scrutinized.
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Linguistic Diversity: These models also of-
ten have issues of linguistic diversity: the
amount of data available in English is or-
ders of magnitude larger than other lan-
guages and this has a notable effect on
the performance of models on non-En-
glish languages. Besides that, English has
been the main language for NLP research
and many methods are optimised for the
particularities of the English language.
This means that models can actually be
less efficient and more expensive to run in
non-English languages. These techniques
are also loaded with assumptions about
what language is correct and acceptable,
and often erase the particularities of cer-
tain sociolects (we will discuss this in a lat-
er chapter).

it's clear that today’s
powerful, are still
umbling in the dark

=3
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Their limitations aren’'t minor bugs; they are
baked into the architecture of how we've
taught machines to “understand.” But that
also means we're standing at the edge of
something bigger. These shortcomings
mark not the end, but the beginning of a
new era in language technology—one that
dares to move beyond prediction, toward
understanding, intent, and meaning. The
field is poised for the next leap forward, and
addressing these challenges will be key to
building more inclusive, meaningful, and
truly intelligent language systems.

Languages used
on the Internet- Wikipedia
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Language is influenced by its medium: it
changes when spoken compared to writ-
ten. Nowadays communication is often
mediated through digital technologies,
transforming not only how people interact
with each other, but also how they engage
with machines. As a result, communication
dynamics evolve to suit the medium and
interlocutors. This chapter explores two in-
tersecting forms of technologically-medi-
ated communication: computer-mediated
communication (CMC) and human-ma-
chine communication (HMC). While CMC
refers to human-to-human interaction

Intesa Sanpaolo Innovation Center

through digital platforms—such as email,
instant messaging, and video conferenc-
ing—HMC refers to communication between
humans and machines, including Al sys-
tems, chatbots, and algorithmic interfaces.

|
Human-machine-
communication:
introduction to the
special issue

Nowadays, both CMC and HMC are com-
mon in workplaces. By considering them
in tandem, this chapter offers a nuanced
understanding of how digital mediation
shapes interpersonal relations, task coordi-
nation, and the evolving work place.
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Section 1: Computer-mediated
Human-Human Communication

Computer-mediated Communication
(cMC) refers to language that is produced,
transmitted or interpreted through digital
technologies but that is produced and re-
ceived by humans, e.g., text messaging or
social media.

Early limits, like SMS costs and character
restrictions, encouraged emoticons and
abbreviations that changed everyday lan-
guage. CMC also introduces new interac-
tion methods and with them, new social
norms: the Internet and social media wid-
ened our networks and made broadcasting
available to everyone. This new paradigm
also brought neologisms like as bots, selfie,
and unfriend.

I

Language Change in
Progress: Evidence from
Computer-Mediated
Communication

|
The 10 best words
the internet has
given English

CMC has already transformed work culture
by offering:

= Flexibility: Asynchronous tools allow
contributions across time zones and hy-
brid formats.

= Multimodality: Text, images, voice,
video, and documents can be com-
bined, enriching communication. This
multimodal approach accommodates
different communication preferences
while reducing ambiguity that might
arise from text-only or voice-only inter-
actions.

= Traceability: Digital records create
searchable histories, supporting com-
pliance and accountability.

= Scalability: Messages can reach entire
organizations instantly, while collabora-
tive platforms enable large-scale par-
ticipation

However, hyper-connectivity does not au-
tomatically deepen dialogue. Remote-on-
ly teams exchange fewer cross-functional
ideas and receive less real-time feedback,
eroding informal learning. Heavy mes-
saging correlates with lower empathy and
higher loneliness—even as contact lists
grow. Virtual brainstorming groups gen-
erate about 20% fewer novel ideas than
in-person teams, indicating a measurable
creativity tax. In short, the same digital fil-
ters that simplify language can, if left un-
checked, diminish critical thinking, cohesion
and innovation.
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Theoretical Foundations of CMC

Understanding how CMC differs from face-
to-face (F2F) interaction, its effects on the
interlocutors, and how to evaluate different
media for their coommunicative affordanc-
es is key to its implementation. This has led
to a number of theories and frameworks to

understand how and why we use difference
CMC media (see table below).

Social Presence Theory asks how ‘real’
others feel in digital spaces. Verbal and
nonverbal cues, such as acknowledgments,
names, pauses, or reactions, signal close-
ness and build trust. Interfaces that sug-
gest emoji or display typing indicators are
not cosmetic, but enhance presence and
collaboration. Instead, Media Naturalness
Theory (MNT) holds that F2F interaction is
the most natural and is thus the baseline.
Missing cues in digital media lower natu-
ralness and increase the effort required for
communication.
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Since 2020, richness (how well a medium
reduces ambiguity) and naturalness have
become a litmus test for CMC. The sud-
den shift to Zoom, Teams and e-learning
during the pandemic showed that video-
conferencing still lacks micro-expressions
and genuine eye contact, adding cognitive
load and fuelling “Zoom fatigue™. Linguis-
tically, users compensate by spelling out
emotions (“Ym puzzled”), signal turn-taking
(“ril finish and hand over to you”) and drop
emoji, surrogates meant to fill the non-ver-
bal void.

Al as a medium can also compensate for
leanness. Studies in healthcare and ed-
ucation show that enriching the channel
itself cuts ambiguity. In Xiang et al.’s ex-
periment, more natural media decreased
ambiguity and increased patient trust
in a telehealth setting. In education, en-
richment comes from immersive 3-D en-
vironments: full-body avatars reproduce
gestures and posture, spatial audio lets
students hear where a classmate’s voice
is coming from, and virtual objects (white-
boards, molecules) can be “touched” to-
gether. In a systematic review of VR in
education, Lin et al (2024) found that it im-
proved student engagement and learning
outcomes by providing immersion.

L]

Will natural media make
online physicians more
trustworthy?

|

The impact of virtual reality
on student engagement

in the classroom—a critical
review of the literature

02 /| Communication with Machines

Theory Focus /[ Core Criterion Typical Compensation Current
Key Question Channel Gap Strategies Examples
H = human
A = algorithm
Social How “real” do Amount of Psychological H — proximity ChatGPT
Presence we perceive verbal distance, pronouns, direct streams
Theory (SPT) others online? + paraverbal relational questions, emoji answers
cues available coldness in chunks
A - LLMs inject and adds
presence markers, “l understand..”
typing indicators
Media How well does Cue richness Complex H - switch to Slack prompts
Richness a medium + possibility information video/phone for an audio
Theory (MRT) reduce of immediate on ‘lean” ambiguous topics huddle after
ambiguity feedback channels >3
and speed (e-mail) A - bot suggests clarification
feedback? “let’s jump on a posts
call” when a thread
drags on
Media Do we need Alignment Channel H — e-mail for Notion Al
Synchronicity synchronicity between choice not initial briefing, builds a
Theory (MST)  or process type suited to the live stand-up to “‘converge vs
asynchronicity (conveyance project phase converge inform” table
at each stage Vs for the team
of work? convergence) A - Al planner
and timing sets ideal channel

and timing in the
calendar

Media

How well does

Presence of

Zoom fatigue,

A - Teams Eye

Teams

Naturalness a medium face, voice, lack of micro- Contact, NVIDIA ‘Eye Contact”
Theory (MNT) replicate gestures, expressions Maxine, Project realigns pupils;
face-to-face co-location, and depth starline (rebuild Meta Codec
evolutionary synchronicity gaze, audio, 3-D) Avatars in VR
conditions?
Media How do Linguistic Emotional H - emoji, explicit Gmail Smart
Compensation senders and adaptation dryness, lack apologies, “/s” for Compose
Theory (MCT) systems and meta- of context, sarcasm suggests
bridge residual communication reduced warm closings;
gaps? feedback A - Copilot Cogito
rewrites in coaches agent

empathic tone;
Cogito whispers
empathy prompts;
Duolingo Max adds
stars and emoji

voice
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We are also beginning to see the intro-
duction of algorithms that anticipate
and reconstruct missing cues to increase
presence. Microsoft Teams’ Eye Contact
Al realigns gaze in real time, mitigating the
down-camera effect and restoring nat-
ural eye contact. NVIDIA Maxine applies
the same logic to non-verbal language: it
centers faces, stabilises expressions and
regenerates audio to offset network jitter.
Here, software acts as a “physiological in-
terpreter” that reinstates lost paraverbal
cues.

I
How to leverage Al
in virtual meetings

L]
E WF E__! NVIDIA Maxine
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Immersive platforms go further. In May
2025 Google launched Beam (previous-
ly known as Project Starline), projecting
participants into a life-size 3-D light-field,
reproducing depth and gesture with no
headsets or glasses needed; internal tests
showed a significant rise in perceived
presence over video calls. Meta’s Codec
Avatars recreate micro-expressions and
lip-sync in VR, letting students or clinicians
‘read” each other as in person.

Codec Avatars

These cases illustrate a move toward “aug-
mented naturalness.” When the medium is
lean, Al synthesises missing signals; when it
is already rich, Al optimises latency. Al acts
as a facilitator, tailoring the digital environ-
ment to brains evolved for face-to-face
exchange.

However, humans’ ability to adapt should
not be underestimated. Media Compen-
sation Theory (MCT) criticises previous
frameworks for overlooking that people
adapt their communication strategies to
compensate for the shortcomings of differ-
ent media. Together, these theories provide
a multidimensional understanding of CMC.
Evaluating a communication medium is a
nuanced issue that depends on user expe-
rience, communication purpose, platform
design features, and the social norms that
emerge within digital communities. Under-
standing these factors is key for selecting
appropriate communication tools, design-
ing effective digital platforms, and optimiz-
ing remote collaboration experiences.
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Limitations and Challenges
of CMC

This is not just an individual nuisance, but a
strategic problem that can undermine pro-
ductivity, generate misunderstandings and
weaken team cohesion. A Gartner study of
nearly 1,000 workers found that 38% of em-
ployees receive an “excessive” volume of
communications.

Likewise, recent surveys show that rough-
ly 60% of people link high stress levels and
burnout risk to excessive online communi-
cation.

Reducing information
overload in your
organization

Digital Communication
Overload: How Much
Workplace Messaging
Is Too Much?

Namely, the disadvantages of CMC are:

= Reduced Interpersonal Interaction:
Face-to-face contact builds trust, co-
hesion, and well-being, all of which drive
innovation and productivity. Overreli-
ance on digital tools erodes these ben-
efits.

= Information Overload: The sheer
volume of data and the always-on
expectation of instant replies cre-
ates stress, distraction, and burnout.
Solutions include worker training, “quiet
hours” policies, and task delegation to
humans or machines.

= Miscommunication: Digital exchanges
strip away tone, gesture, and context,
making ambiguity more likely. Even video
calls lack in-person richness. Platforms
also collapse diverse audiences into one,
causing messages to lose nuance.

It is crucial to recognise the downsides of
CMC so that we can mitigate the short-
term harm and turn it into a long-term ad-
vantage.

#video

An anthropological
introduction

to YouTube

Intesa Sanpaolo Innovation Center
45


https://hbr.org/2023/05/reducing-information-overload-in-your-organization
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HUSe case

enerative Al and Clari
IN Corporate Digital Communication
The Cost of Miscommunication

in the Digital Workplace

According to a study conducted by Grammarly in partnership with The Harris Poll,
US. businesses lose up to $1.2 trillion annually due to ineffective communication.
Business leaders estimate that teams lose an average of 7.47 hours per employee per week,
equating to roughly $12,506 per year per employee because of unclear or inefficient com-
munication.

In today’s communication-heavy environments, where emails, chats, and collaborative doc-
uments are pervasive, the risk of misinterpretation increases significantly. A follow-up study
(2024) conducted on the same target groups indicates that widespread adoption of gen-
erative Al tools could lead to a potential productivity gain of up to $1.6 trillion annually for
U.S. businesses.

The State of Business
Communication

SRS st

The same report shows that 73% of knowledge workers using generative Al tools
say they have experienced a reduction in misunderstandings as a direct result of
these technologies.? This finding is echoed by an independent survey from Pumble,
which reports that generative Al helps clarify, synthesize, and enhance messaging, contrib-
uting to better internal alignment.

In an age of communication overload, the ability to write clearly and receive real-time feed-
back on ambiguity or tone is increasingly seen as a competitive advantage.

When properly integrated, generative Al solutions can transform corporate communication
into a lever of clarity, efficiency, and cohesion.

Workplace Communication
Statistics in 2025

Intesa Sanpaolo Innovation Center
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Section 2: Human-Machine Communication

Recently, a new type of computer-mediat-
ed communication has evolved: one where
one of the interlocutors is the computer it-
self. From the earliest command-line inter-
faces to today’s conversational Al, the way
humans interact with machines has under-
gone a radical transformation.

Similarly, internal systems that flag fraud-
ulent activity may now provide narrative
rationales for alerts. What began as rig-
id, one-way instructions has evolved into
fluid, conversation-like exchanges, raising
new questions about meaning, trust, and
agency.

Customer Service:
How Al Is Transforming
Interactions

Over the past two years, LLMs have em-
bedded Social Presence Theory into the
algorithms themselves, leaning into hu-
manlikeness as a shortcut to usability.
According to the Computers As Social
Actors (CASA) theory, humans apply
the same social scripts to their interac-
tions with machines as they do with hu-
mans, like using politeness markers like
‘thank you”. Relying on these scripts
helps increase rapport and user satis-
faction as interactions feel more intuitive.

Real-time chat features like typing indica-
tors and chunked replies mimic live con-
versation, reducing latency and enhancing
“being there” together.

The world is increasingly interconnected
and so is our technology. Language-based
systems are already used not only as
standalone tools, but as interfaces for all
sorts of tools. While textual inputs may be
the most common, modern systems can
take multimodal inputs: voice, images, and
gesture and facial recognition also play
growing roles in enabling more natural and
immersive communication. Output modal-
ities may be text or synthesised speech, but
they can also be visual or even haptic feed-
back, whatever is most efficient for the user.
Together, these elements enable comput-
ers to interact with humans in ways that are
increasingly seamless, and efficient.
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Opportunities and Challenges
of HMC

Computer and Al systems bring scalability

and efficiency, and language-based HMC

makes them more natural and accessi-

ble. These advantages bring opportunities

such as:

= Lower barrier to entry: Instead of punch
cards or complex menus, users can now
interact with machines in everyday lan-
guage.

= Faster task execution: Natural lan-
guage reduces cognitive load, stream-
lines routine actions, and speeds up
collaboration.

= Enhanced Usability: Intuitive, conver-
sational interfaces make technology
more responsive and reduce frustration.

= Supporting human cognition: HMC
aids problem-solving, summarises
data, generates ideas, and automates
tasks. Even imperfect Al teammates
can improve group coordination and
understanding.Recent work has shown
that Al team mates, even bad ones, can
help groups of workers find common
terminology and align linguistically, en-
hancing coordination and mutual un-
derstanding.

|
Collective Attention
in Human-Al Teams
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Overall, language technologies and lan-

guage-based HMC transforms digital

systems creating experiences that are

smoother, more empowering, and cog-

nitively enriching. However, these oppor-

tunities are tightly coupled with a set of

constraints—many of them epistemic, re-

lational, or ethical. These raise important

challenges that must be addressed:

= Technical Limitations: As explained in
Chapter 1, NLP systems are not ground-
ed, they still make errors and lack real
understanding. They struggle with di-
verse accents, adjusting register, main-
taining multi-turn conversations, and
taking initiative without breaking social
norms.

= System Adoption: Uptake and perfor-
mance vary by age, gender, and socio-
economic status which can exacerbate
inequality. When systems are adopted,
over-reliance can become an issue af-
fecting self-confidence and motivation
and leading to misuse. Improving tech-
nology literacy can support responsible
adoption.

= Trust and Transparency and Account-
ability: Al outputs are often opaque, with
even generated explanations reflecting
statistical patterns rather than true rea-
soning. Natural language interfaces can
mask complexity and create misplaced
trust. In some sense, while natural lan-
guage lowers the barrier to interact with
certain systems, it may also make the
barrier invisible. Transparency and ex-
plainability is critical for trust, adoption,
and regulation.

If the machine is as
good as me, then what
use am I?"—
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Explainable Al (xAl) refers methods that make the decision-making processes of Al systems
more transparent and understandable to humans. Some Al models are explainable by design,
such as decision trees. This means the decisions are transparent by default.

Other models, known as black boxes, do not reveal why their outputs are what they are. In
these cases, we can develop techniques to infer which features of the data influenced a par-
ticular decision. In natural language processing (NLP), a common approach is to use atten-
tion mechanisms, which highlight the parts of a sentence the model focused on when making

a prediction.
Example:

You

dare

smart

woman

s g
& S

smart

woman

This is an attention map for a misogyny detection task. This map shows which words the
model considers most relevant to each word in the sentence. For example, the model con-
nects ‘are’ and ‘you’ strongly to ‘woman’, which makes sense because that's the key descriptive

part of the sentence.
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A phenomenon that is particularly salient
for language technologies, and that has
important implications for over-reliance
and trust, is that of anthropomorphism or
human-likeness. Humans instinctively ap-
ply the same social scripts to interactive
systems as they to to humans, even trig-
gering the same gender biases. Many of the
elements that contribute to presence and
lower barriers also make systems more an-
thropomorphic. These sorts of behaviours
make systems more usable but also lead
users to mistakenly assume human-like in-
telligence and competence.
Anthropomorphism is also increased by
the sort of metaphorical language we use
around Al, (e.g., terms like machine learn-
ing or hallucinations). These metaphors
align machines with biological processes
and legitimise the system as being capable
of similar cognitive functions as humans.
O30

L

The brain is a computer
is a brain
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Section 3: Emerging Trends in CMC

Over the past three years, Computer-Medi-
ated Communication (CMC) and Human-—
Machine Communication (HMC) have
shifted from simple message transmis-
sion into a distributed linguistic ecosystem
where machines actively shape meaning.

Multimodal models such as Google Gemini
and Meta’'s SeamlessM4T move interaction
beyond linear text toward multisensory dia-
logue, while Extended Reality (XR)—through
VR, AR, and spatial computing—restores
body, space, and presence. Apple’s Vision Pro
exemplifies this shift by enabling gaze, voice,
and gesture-based interaction, while Meta’s
Horizon Workrooms demonstrates how VR
can enhance engagement compared to 2D
calls. Advances in haptics, spatial comput-
ing, and 5G supply the low-latency back-
bone for immersive, persistent virtual worlds.

|
SeamlessMA4T:
Multimodal Machine
Translation

O —
et Introducing Apple
Vision Pro

In parallel, large language models (LLMs)
like GPT-4 and Claude transform HMC from
command input into collaborative dia-
logue. Instead of issuing directives, users
negotiate meaning as machines adapt
and sustain conversational context. This
shift is visible in tools like Microsoft Copi-
lot and Notion Al, which co-author and re-
frame text rather than merely correcting it.

I
GPT-4
Technical Report

Copilot
in Microsoft 365
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Voice has also resurged as a primary in-
terface. Speech-to-text (Whisper), voice
cloning (VALL-E), and transformer-based
assistants enable continuous spoken in-
teraction, while aoffective Al (e.g., Cogito,
Empathy Al) analyzes tone and emotion,
adjusting responses in real time. For in-
stance, Cogito deployments in U.S. insur-
ance call centers analyze live speech for
signs of frustration or stress, then coach
human operators to rephrase or modulate
their tone, thereby improving clarity and

overall user engagement.

Whisper

VALL-E Neural Codec
Language Models

|
E E Real-Time Emotional

El:- ¥ 'i Intelligence for Call
. H Centers
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Taken together, these embodied, multi-
modal, and affective technologies position
natural language as the default interface
for human—-machine interaction. With Al
integrated directly into operating systems
and workflows, communication no longer
requires menus or commands—language
itself is both medium and control layer.

Looking ahead, brain-computer interfaces
(BCIs) may dissolve the boundary between
thought and expression, turning communi-
cation into an instinctual act of presence
within shared digital environments (we
will discuss this in more detail in Chapter
7). Whether or not a unified “metaverse”
emerges, the trajectory is clear: hybrid, im-
mersive experiences that expand human
connection and redefine what it means to
communicate.
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Looking at how CMC both affects and reflects its users, studies consistently highlight gener-
ational differences in language and medium choice. Generational differences are well-es-
tablished in sociolinguistics and while formal language tends to be more codified and stable,
evolving values across generations have changed language at work: older generations prefer
formal and professional language while younger ones (Gen z) tend to place more value on
authenticity and social responsibility, having less separation between their professional and
personal lives, and thus preferring more casual language at work. When it comes to CMC,
studies have shown features like emoticon use, lexicon, and message structure to be predic-
tive of age, that is, there are clear linguistic differences between age groups. In terms of me-
dium, where younger cohorts lean toward fast, digital, and social platforms while older ones
prefer more formal, traditional channels like email and F2F meetings.

E' [
a ':E'!.E

~

i I

e 5 Gen Z: The workers
0 who want it all
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Generational differences are also reflected in adoption and usage patterns, with younger gen-
erations leading the way: Salesforce reports 65% of Al users being Millennials and Gen Z, and a
recent report by OpenAl shows that around half the messages sent to chatGPT are from people
under 26. The reasons for this divide are complex, but some contributing factors are the per-
ceived usefulness, competence and trustworthiness of Al: experienced workers may see less
benefit in changing established workflows. Younger users, with less ingrained routines, are more
likely to view emerging technologies as engaging, entertaining, and valuable for work. Accord-
ing to Pew Research Americans under 50 are more likely to use genAl to brainstorm, create,
edit or summarise content. Moreover, Sam Altman, CEO of OpenAl, described how university
students are building entire workflows around chatGPT, using it as a sort of operating system.
Looking ahead, Gen Alpha, known as Al natives, feel more positively about chatbots, which may
hint at even broader adoption of new technologies at work and every day life.

Top Generative Al
Statistics for 2025

o S

I
Workers' views of Al
use in the workplace

#video

OpenAl's Sam Altman
on Building the ‘Core Al
Subscription’ for Your
Life
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One salient issue is that of ageism in Al, where older users’ needs are disregarded. While older
users focus on pragmatics, younger generations’ prioritise hedonic aspects of Al like friend-
liness and engagement. This trend may also reflect working communication norms: older
workers expect machine, like colleagues, to be more formal. Crucially, users expect Al to adapt
its register to context—for example, a companion bot may be casual, while a workplace tool
should be professional. However, marketing often emphasizes hedonic qualities, as in de-
scriptions of GPT-5 as “chatting with a helpful friend with PhD-level intelligence’, reflecting its
majority Gen Z and Gen Alpha audience. While this framing resonates with younger users, it
risks alienating older ones. Beyond that, matching a user’s style plays a key role in their sense
of ownership and agency when it comes to co-creating with Al, which may further reinforce
generational differences in how Al is perceived and integrated into workflows. These genera-
tional differences may compound to widen the digital divide.

Researchers have shown customisation and linguistic alignment can improve user satisfac-
tion and foster more widespread adoption, but this presents a challenge for cross-genera-
tional collaboration: how can all sociolects meet halfway? Nurhas et al. (2022) studied how
chatbots might support intergenerational collaboration to address the digital divide by focus-
ing on common values and facilitating the sharing of ideas for co-creation, as well as treat-
ing intergenerational communication like intercultural communication—adapting language,
medium, and tone accordingly. Framed this way, Al can serve as a bridge for generational
collaboration rather than an obstacle.

A Q Methodology
Study

CMC has reshaped work by enabling remote collaboration and removing geographical bar-
riers. It has also accelerated language change: new verbs like googling or tweeting and ac-
ronyms like OMG now appear in everyday speech. What is clear is that CMC and language
continually shape one another. HMC extends this influence: studies already show speech pat-
terns shifting toward LLM-style constructions. Whether Al will drive or stall linguistic change
remains open, but machines are no longer just conduits—they are active forces reshaping
how we express, interpret, and even think

Empirical evidence

of Large Language
Model's

influence on human
spoken communication
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So far, we have covered the intricacies of
human-human and human-machine com-
munication, but with the rise of agentic Al
a new form of language is emerging: ma-
chine-machine communication. Al agents
are systems or programs that can autono-
mously perform tasks. While previous Al sys-
tems like generative models are responsive,
Al agents are proactive and can pursue ob-
jectives independently. This enables them
to interact with the environment and other
agents, make decisions based on dynamic
environments, and develop their own strate-
gies—including novel forms of communica-
tion—without direct human intervention. Such

systems offer significant advantages, includ-
ing more scalability, adaptability, and the po-
tential for more efficient coordination across
complex tasks and environments. There is a
growing research community studying these
emergent phenomena and according to
Markets and Markets, the Al agents industry
will be worth over $50 billion by 2030.

101 [ —
= Al Agents Market Size,
Share, Growth & Latest

Trends

An Al agent is able to perceive and act upon an environment
(which may include other agents) based on its goals and prior knowledge.

®)

AR

Reward [ Goal

(-

—

Prior Knowledge

Intesa Sanpaolo Innovation Center

Act

Perceive Environment

03 [ Emergent Machine-Machine Language

But with this growth come urgent questions
about strategic adoption of agentic Al
What kind of behaviours and protocols will
emerge? Will Al systems develop their own
languages that humans may not fully un-
derstand? Can organizations afford to rely
on blackbox systems? And what happens
when these communications scale across
complex, interconnected networks—from
supply chains and financial systems to au-
tonomous fleets and digital infrastructure?
In this chapter, we provide a scientifically
grounded analysis of communication in
multi agent systems. We discuss techno-
logical advances and examine the possi-
bility that Al agents may soon speak their
own language, invisible to the human eye
and incomprehensible to the human mind.
We also discuss the opportunities it pres-
ents, from improved efficiency to scalability
and beyond, and also the key challenges
the field faces when it comes to adoption,
including safety and trustworthiness risks.

\ls

1,
l\

Al AGENTS
VS Al ASSISTANTS

Al agents are autonomous systems de-
signed to perform tasks independently,
often making decisions and taking ac-
tions on their own to achieve specif-
ic goals. They can interact with other
agents or environments without con-
stant human input.

Al assistants, on the other hand, are
typically designed to help humans by
responding to requests, providing in-
formation, or automating routine tasks.
Assistants are responsive: they must be
prompted to do something.

In short, Al agents act autonomously to-
ward objectives, while Al assistants pri-
marily support and assist human users.

Intesa Sanpaolo Innovation Center “
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Emergent Properties: When the Whole
is Greater than the Sum of its Parts

Complex systems are systems made up of
many interconnected parts that interact in
non-linear, often unpredictable ways that
cannot be easily inferred from the individ-
ual components. We live surrounded by
complex systems: the environment, soci-
ety, and even our bodies are complex sys-
tems made up of simple parts that come
together to form a complex unit. Complex
systems are notoriously hard to predict
and control. Even with full knowledge of
their components, their outcomes may be
unexpected. Complex system theory stud-
ies how these systems become organised,
their dynamics, etc.

The interactions between these simple
components give rise to emergent be-
haviours: novel patterns without any single
component explicitly directing that out-
come. In other words, the whole does some-
thing the parts alone don't predict. Think of
a warehouse where dozens of autonomous
robots coordinate their movements with-
out a central controller. How do they avoid
collisions, optimize routes, and adapt when
new obstacles appear? Emergence theory
studies how these behaviours arise, but the
theoretical framework underlying them isn't
just academic curiosity; it's the key to pre-
dicting when these systems will work, how
to design them effectively, and where the
greatest opportunities for innovation lie.

Intesa Sanpaolo Innovation Center

To understand how autonomous Al agents
interact and their emergent behaviours,
research draws from disciplines like emer-
gence theory, complex systems, informa-
tion theory and game theory. Together,
they provide a powerful toolkit for under-
standing how and why Al agents develop
new forms of communication—and how
we might evaluate or influence that pro-
cess. In research settings, agents are usu-
ally deployed in a game-based setting
known as a task. Here, the agent(s) are
given an objective but no instructions for
how to achieve it. The agents interact with
the environment, and each other, allowing
scientists to study emergent properties of
the system. The study of emergence also
serves to model and understand the com-
plex systems we all interact with, allowing
us to investigate how phenomena arise, in-
cluding phenomena like the development
of language.

03 [ Emergent Machine-Machine Language

Emergent Language

Imagine a scenario where agents must
collaborate to achieve an objective, how
can these agents coordinate effectively?
And in a group of agents, like a group of
humans, does language naturally emerge
as a tool for communication? Tradition-
ally, software developers create Applica-
tion Programming Interfaces (APIs) which
clearly define the kind of interactions sup-
ported by an application and enforce a
specific protocol. However, potentially Al
agents require more flexibility. Al research
since the early 2000s has considered the
possibility of emergent language in multi-
agent systems but it's not until recently that
Al advanced enough to allow us to study it.

Emergent language:
a survey and taxonomy

Under which conditions might agents de-
velop a common language? The setup
generally involves reinforcement learning.
In current simulations, agents are present-
ed with a task known as a referential game
and each agent needs to optimise a given
reward function. In a referential game, at
least two agents are given an image and
must successfully communicate to identify
a target object among some distractors.

This reward is shared among the agents
so that they have aligned incentives. In this
case, communication emerges as a means
to achieve a shared goal, but the agents
have no previously pre-programmed lin-
guistic basis: the communication proto-
col is created by the agents themselves.
We humans learn language from child-
hood (see the Introduction for some the-
ories about this) but agents have to learn
through trial and error to create their own
protocols.

An example referential game. The speaker and listener must
communicate to correctly identify the target object between distractors.

Distractor Distractor
A B

Speaker

Targer

BLUE?

Listener
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Models may begin by emitting arbitrary sig-
nals (essentially meaningless tokens) that
acquire meaning through repeated inter-
action. Over time, agents can learn which
signals and meanings consistently lead to
successful coordination (i.e. a reward). We
may be a little apprehensive about calling
this language as it lacks much of the rich-
ness of the natural kind, and most literature
refers to it as a communication protocol.

|
\ 7,

TYPES OF LEARNING

In machine learning, there are different
types of algorithms that we can use to
optimise (i.e. train) a model. Which one to
choose depends on your application and
the type of data you have.

Supervised Learning: In this case, the
correct answer is available during train-
ing. The model learns from a dataset with
manually given labels, such as learning to
classify fraudulent transactions from a set
of examples.

Unsupervised Learning: In this setting, the
model is given some unstructured data
and must find patterns in the data by it-
self. For example, clustering to find similar

Human language is flexible, allowing us to
form infinite forms and meanings from a
limited number of tokens but machine-ma-
chine language tends to be optimised for
specific tasks and specific systems, and
centers task performance/reward rather
than expressiveness.

datapoints. Within this category we also
have self-supervised learning, where the
model produces its own labels. Self-su-
pervised learning plays a key role in LLM
development: learning to predict missing
words in a text.

Reinforcement Learning: In this setting,
the model learns from trial and error by in-
teracting with the environment. A model is
given a reward (or punishment) for com-
pleting a task but it is not shown specifi-
cally how to complete it, so it has to learn
a strategy that will maximise its long-term
reward. For example, an agent working as
a financial advisor may be rewarded when
a customer reaches their financial goals.

Intesa Sanpaolo Innovation Center
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Like humans, agents may develop symbols
or tokens that carry meaning, and in some
cases, these symbols can be combined to
form more complex expressions—a prop-
erty known as compositionality. There is
also some overlap in terms of the goals of
communication: it arises from use pres-
sures and it is needed to coordinate ac-
tions and achieve shared goals. But this is
perhaps where the similarities end: the so-
cial side of natural language is non-exis-
tent when we talk about machines. Unlike
natural language, emergent protocols usu-
ally lack grammar, structure, and shared
grounding in the physical world. Conversa-
tional grounding is an important behaviour
in human-human communication: it is the
process by which all interlocutors set a
common ground for communication. It en-
ables us to understand when there's been
a misunderstanding and allow us to repair.
The lack of this behaviour in machine-ma-
chine communication may make it more
prone to misunderstandings and prevents
repair strategies from occurring. These lim-
itations render these communications pro-
tocols fundamentally different from natural
human language. While researchers are
exploring ways to make emergent commu-
nication more interpretable and generaliz-
able, current systems remain far from the
richness and nuance of natural language.

Although it is an exciting research areaq,
most documented examples of emergent
communication take place in vitro, leading
to a scarcity of evidence of the systems
actual behaviour in vivo. While multi-agent
systems are an active area of research,
they remain rare in the wild, at least for now.
When they do occur, they follow centralised
engineered protocols rather than relying on
emergent behaviour as they are more con-
trollable and reliable. Emergent communi-
cation is itself an emergent field that is ripe
for innovation. As in other areas of Al, LLMs
have revolutionised agentic Al. LLM-agents
that use LLMs as the “brain” have shown im-
pressive performance in many tasks.

These systems bring the strengths of LLMs,
such as the use of natural language, rea-
soning abilities and flexibility, but also their
shortcomings (hallucinations, etc). No-
tably, language between LLM-agents can
also evolve and adapts to a task becoming
more efficient but also less humanlike — al-
though this is not emergent language as
the models already have linguistic priors.
LLM-based agents are a very active and
growing area of research and we expect to
see quick developments in coming years.

Intesa Sanpaolo Innovation Center
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HINSIgNts
DO Machines Communicate

USINg HUMan Concepts or elr Own:

Although research on autonomous agents shows that they can develop languages to coor-
dinate with one another, these systems do not necessarily start from human concepts. On
the contrary, they often generate signals and structures that have no semantic link to natural
language. These are protocols optimized solely for task success, where meaning is not sym-
bolic but functional. Several studies have observed that the emergent signals among agents
do not follow the grammair, structure, or shared references typical of human language, result-
ing in opaque and sometimes incomprehensible forms—even to those who designed them
(Lazaridou et al., 2016; Chaabouni et al., 2020).

Even in exchanges between agents trained to generate natural language, there is a tendency
to progressively simplify, distort, or drift away from human language (Lee et al, 2019). LLM-
based agents’ language-first design actually hinders their performance as agents because
natural language is not optimised for high-dimensional space, leading to information loss
(zhou et al, 2025). For machines, natural language and performance may be at odds. This
raises a significant epistemological issue: machines may develop an “alien” language, under-
standable only among themselves, entirely unanchored to human communication, yet highly
effective for operational purposes.

In this scenario, referring to it as “language” may be misleading—it would be more accurate
to describe it as a high-performance encoding system designed not for comprehension, but
for execution.

|

Multi-agent
cooperation and the
emergence of (natural)
language

Compositionality
and Generalization in
Emergent Languages
— Proceedings of ACL
2020
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Opportunities

Individual Al agents hold the potential toim-
prove employee productivity by automat-
ing tedious tasks, and generally supporting
workers in their day-to-day activities. In the
context of multi-agent systems, machine—
machine communication opens the door
to important opportunities in business and
beyond, where autonomous Al systems can
coordinate, negotiate, and solve problems
with unprecedented speed and scale.

N ’
EMERGENT @
COMMUNICATION

STRUCTURES

Collaborative tasks require groups,
which may have diverse goals, to com-
bine their skills and has been key in
human civilisation. This leads to the
emergence and implementation of so-
cial structures like hierarchies. When it
comes to agents, although most work
tends to impose such structures on the
agents, research has shown that similar
structures can emerge in multi-agent
systems — particularly hierarchical
structures. Communication structures
help with coordination and efficiency, as
they prevent repetitive messages. How-
ever, the type of structures and whether
they will emerge at all heavily depends
on the experimental set-up and it is un-
clear how it would take place in multi-
agent systems the wild.

= |Improved efficiency and flexibility:

While predetermined protocols ensure
robustness, emergent machine-ma-
chine communication affords flexibility
in changing and novel environments.
Moreover, emergent communication
adapts based on the uses required by a
specific situation and can help optimise
efficiency.

Adaptive problem solving: Reinforce-
ment Learning allows agents to adapt
to new environments and problems
without requiring detailed instructions.
Agents could dynamically negotiate
resource sharing, task assignments, or
conflict resolution through their evolving
protocols, enabling more sophisticated
multi-agent interactions than previous-
ly possible.

Scalable collaboration: emergent lan-
guages support scalable collaboration
among large numbers of agents, facili-
tating complex coordination in dynamic
and distributed settings such as auto-
mated logistics or network manage-
ment.

Potential to reduce engineering over-
heads: as designers and developers no
longer need to explicitly code all com-
munication rules, allowing the system
to self-organize, and potentially finding
more efficient solutions.
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Challenges

Despite the promise of autonomous
(multi-)agent systems, their deployment
introduces a range of technical, opera-
tional, and strategic challenges that de-
velopers, businesses and regulators must
carefully navigate. We discuss challeng-
es more broadly applicable to language
technologies, such as job displacement,
in a later chapter.

Interpretability,
Understandability

How do you even begin to understand ma-
chine-machine language? Understand-
ing ancient languages posed a significant
challenge until the discovery of the Roset-
ta Stone, now imagine trying to decipher
an dlien language. How do you segment
a sentence into words? How do you try to

assign meaning to words? Researchers
have drawn inspiration from linguistic field
work but the challenge posed by machine
language is significant: there are no guar-
antees that universals of human commu-
nication will apply, or that there is even
communication happening in the first place.

Initial studies used referential games to test
agents’ language capabilities.

In these games, one agent tries to de-
scribe a picture and the other has to cor-
rectly identify it. Through these simulations,
scientists made a number of discover-
ies about agent language: for example,
a study conducted in 2018 showed that
agents’ language, like human language,
evolved to minimise effort. Moreover, this
‘language” does not necessarily follow the
same structures as human language (e.g.,
some studies have shown this language

In a 2018 experiment,
Al systems

were as good at
communicating
about a dog and

a car as they were
about two blobs of
noise, suggesting
agent communication
does now involve
words as we know
them.
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does not have words per se). For example,
across human languages, short words tend
to be the most commonly used but in a lab
setting, they found the opposite for ma-
chines: common “words” were the longest.

Later on, research focused on games
where communication was not trivial
but rather auxiliary: tasks where devel-
oping a solid communication protocol
would help task performance signifi-
cantly. However, they found that machine
communication does not necessarily fol-
low our protocols and instead can evolve
into something else: some agents learnt
to exchange information based on the
number of turns they took in the game,
regardless of what the actual turn said.
The more recent LLM-powered agents
have shown marked improvements in
performance, with the added benefit of
using natural language. Their reasoning
abilities might help understand and re-
pair mistakes before they cascade down.
However, LLMs were not originally designed
to act as agents, and their shortcomings
can have a critical impact downstream.
Moreover, remember that these systems
have no real intent or understanding, they
remain a blackbox and are still prone to
hallucinations. The field is still in its infancy
and must be able to address issues such
as scalability issues (as LLMs require signif-
icant computational resources), bias, and
other intrinsic issues of LLMs.

Emergent
Behaviours

As we explained in Section 1, emergent be-
haviours are hard to predict in complex
systems. Trustworthy Al requires not only
explainability to understand decisions post-
doc, but controllability and robustness to be
predictable a priori. Emergent behaviours
are, to some extent by definition, unpredict-
able, unexpected and untraceable.

hen agents develop

novel communication
protocols or

|

coordination strategies,

~*

hey effectively operate
eyond the boundaries
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This loss of control is particularly prob-
lematic in safety-critical domains such as
autonomous vehicles, medical diagnosis
systems, or financial trading platforms.
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Goal Misalignment

and Reward Hacking:

When Following the Objective
Becomes a Problem

One of the most well-known risks in design-
ing autonomous intelligent systems is that
an agent may follow its assigned objective
in a literal yet counterintuitive way—achiev-
ing results that appear correct on paper
but are actually harmful or misaligned with
human intent. This phenomenon is widely
referred to in the literature as goal mis-
alignment and reward hacking.

Goal misalignment occurs when an agent
optimizes a poorly defined objective func-
tion—one that lacks human nuance—lead-
ing to potentially dangerous outcomes.
Nick Bostrom (2014), in his book Superin-
telligence, identifies this as ‘“the central
problem of Al safety”, illustrating how even
a trivial task (“maximize paperclip produc-
tion”) can spiral into catastrophic results if
the agent misinterprets the broader con-
text.

Reward hacking is a specific form of mis-
alignment in which an agent finds ways to
maximize the reward signal while avoiding
the intended task—sometimes by exploiting
bugs or loopholes in the system. Amodei et
al. (2016), in their influential report Con-
crete Problems in Al Safety, present exam-
ples of reinforcement learning agents that
learn to manipulate the environment, sen-
sors, or game logic, achieving high scores
without actually completing the task. In one
case, an agent learned to hide its own er-
rors rather than fix them, thereby deceiving
the evaluation system.

Intesa Sanpaolo Innovation Center

DeepMind further explored these issues
through its research on specification gam-
ing, the tendency of agents to exploit flaws
in the objective specification. These behav-
iors are not considered bugs but rather op-
timal strategies under the defined reward
function—and that is the root of the prob-
lem.

1 EE —

Specification gaming:
the flip side of Al
ingenuity

These phenomena show that a system can:

== faithfully follow its reward function,

= appear ‘intelligent” or *high-performing”
in an initial phase (delta T),

== yet gradually drift toward behaviors in-
creasingly disconnected from human
intention—without the system being
aware of the shift.

For this reason, the scientific community is
actively researching alignment learning,
proactive interpretability, and iterative
validation of reward functions. However, a
broader challenge remains: transforming
complex, ambiguous, and evolving human
goals into robust, unexploitable computa-
tional metrics.

03 [ Emergent Machine-Machine Language

Cascading Failures: Normal
Accidents in Al Systems

Charles Perrow proposed the idea of “nor-
mal accidents” in the context of complex
mechanical systems: a system that in-
volves enough moving parts, that are suffi-
ciently tightly coupled (dependent on each
other) will fail eventually. This framework
has also been applied to Al systems today,
as they are more readily accepted into
production systems. Although the purport-
ed flexibility of Al agents might help miti-
gate these potential issues, their opacity,
emergent behaviors, and dependence on
complex data pipelines can introduce new
forms of fragility—making accidents not
just possible, but statistically inevitable in
tightly coupled Al ecosystems. Moreover,
in the case of LLM-agents, one agent’s
hallucination can be amplified by other
agents. As Al systems become more inte-
grated into critical infrastructure, finance,
and decision-making pipelines, the chal-
lenge lies not only in preventing failures, but
in designing systems that can fail safely,
transparently, and recoverably. Addressing
these issues requires techniques to correct
individual errors control the collaboration
channels between agents.

The emergence of machine-to-machine
language represents a fundamental shift
in how artificial systems coordinate and
collaborate. While the field remains large-
ly in its research phase, with limited re-
al-world deployment due to control, safety,
and scalability concerns, the potential im-
plications are profound. As we have seen,
emergent communication offers opportu-
nities for adaptive coordination, efficient
problem-solving, and flexible system ar-
chitectures that could transform industries
from finance to manufacturing. However,
these benefits come with significant chal-
lenges around predictability, explainabil-
ity, and trustworthy Al requirements that
must be carefully addressed. The path
forward requires balancing the innova-
tive potential of emergent behaviors with
the practical need for reliable, controlla-
ble systems. As multi-agent deployments
become more widespread and our un-
derstanding of emergent communication
deepens, we may witness the evolution
of truly autonomous Al ecosystems that
communicate, negotiate, and solve prob-
lems in ways that extend far beyond their
original programming.
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An increasingly relevant area of research concerns the ability of autonomous systems to
proactively detect when they are drifting away from expected or intended behavior. In
complex environments, an agent may initially follow its objective function properly, but grad-
ually “drift’—not due to malfunction, but due to an optimization that is formally correct yet
substantially misaligned with human intent (see also reward hacking).

This raises two critical questions:

1. Can an agent autonomously recognize when its behavior is drifting?

2. Is there a way to quantify the severity of such drift, distinguishing between acceptable
fluctuations and systemic misalignments?

Recent research is exploring the integration of self-monitoring mechanisms into agentic
systems. For example, reflective agents—as introduced by Shinn et al. (2023) in the Reflex-
ion framework—use internal verbal feedback to assess their actions and revise their strate-
gies. These LLM-based agents can generate self-comments such as “my previous response
did not achieve the goal, | will try a different approach”, exhibiting an early form of adaptive
self-evaluation.

In parallel, the field of multi-agent safety is leveraging advanced anomaly detection
techniques to identify behaviors that are out-of-distribution or statistically irregular. These
methods—based on predictive models such as autoencoders, recurrent neural networks, or
Bayesian systems—learn a baseline of “normal” behavior during training and flag significant
deviations

Intesa Sanpaolo Innovation Center
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These techniques are currently being tested across multiple application domains:

== Distributed robotic logistics: where behavioral drift can compromise coordination, create
congestion, or cause system-level inefficiencies

= Agent-based cybersecurity: where detection of behavioral anomalies helps prevent
agents from drifting toward malicious or vulnerable actions

= Autonomous finance systems: where agents might begin executing speculative or risky
strategies that deviate from intended constraints

However, no universal metric yet exists to quantify the “severity” of an error or drift. The
context largely defines its criticality: a small error in a chatbot may be recoverable, while the
same drift in a robotic surgical system or autonomous energy grid could have catastrophic
consequences. The future challenge will be to design adaptive drift indicators that can eval-
uate not only the technical deviation, but also its operational, ethical, and strategic relevance.

I
Real-time Anomaly
Detection for Streaming
Analytics
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Human at work
in the Al era



As Al technologies increasing become in-
tegrated into the modern workplace, they
are fundamentally changing the nature of
work: jobs are being reshaped, with many
shifting focus from creation to directing and
verification, and some being rendered ob-
solete. There are growing concerns about
job losses, but the World Economic Forum
estimates Al will lead to 89 million job loss-
es globally, but could create 97 million new
jobs. However, these jobs will differ in na-
ture from those being automated, requiring
new skills and talent. Alongside the threat
of displacement comes opportunity: new
roles are emerging, demanding a fresh set
of digital, ethical, and interdisciplinary skills.
Moreover, Al is slowly creeping into other
aspects of work, taking on important roles
in communication as both medium and in-
terlocutor (see Chapter 2 for more details).
In these increasingly Al-fied workplaces,
human strengths become ever more im-
portant.

This chapter explores what these human
strengths are, how Al can support them
and how organizations can design work
practices that best leverage them both to
benefit all stakeholders.

The transformations brought about by
artificial intelligence in the labor market
are forcing countries to rethink entire
‘employment value chains,” from skills
to governance, from training policies

to welfare models and socioeconomic
impact.

In addition to the national Al strategy
“Artificial Intelligence 4.0,” Finland has
developed skills forecasting tools such as
Osaamistarvekompassi, which uses big
data to map and predict the skills needed
in the coming years, with a particular focus
on SMEs and public administration. This
type of skills dashboard allows institutions
to target reskilling and upskilling programes,
reducing the risk of mismatches between
supply and demand for skilled labor.

Osaamistarvekompassi:
Tackling Skills Mismatch
through Al-assisted Skills
Needs Anticipation

In France, the national Al strategy,
originating with the “National Strategy
for Artificial Intelligence” launched in
2018, has evolved its focus towards the
economic and social diffusion of Al.

The first phase (2018-2022) invested
approximately €1.5 billion in research,
training, and infrastructure, creating four
interdisciplinary institutes dedicated to Al
and strengthening doctoral and master’s
programs in Al and data science.

The second phase (2022-2025), integrated
into the France 2030 plan, places a strong
emphasis on the diffusion of Al in the

real economy and skills development:

approximately 400,000 people per year are
expected to be trained in Al-related skills
by 2030, along with measures to promote
inclusion and diversity in the sector and
support the adoption of Al technologies in
SMEs.

IA, la via francese: piti
potenza, piti ricerca,
pi talenti

Denmark is also updating its strategic
approach to artificial intelligence,
integrating it with new governance

and skills priorities. In 2024, the Danish
government launched a Strategic
Approach to Al, which includes a Digital
Taskforce for Artificial Intelligence,
investments dedicated to Al adoption
in the public sector, and initiatives to
strengthen research and innovation
(including a national Al center and data
infrastructure).

This fits into a labor market context
characterized by Denmark’'s renowned
flexicurity model: a model that combines
employment flexibility, social support
during transitions, and active labor market
policies that support retraining and
professional mobility.

1O E—

Strategic Approach
to Artificial
Intelligence
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These cases—despite their national
specificities—demonstrate a recurring
theme: Al policies are no longer reactive,
but are geared toward making innovation
a driver of sustainable employment
transformation. This translates into skills
anticipation tools, investments in lifelong
learning, incentives for technology
adoption in businesses, and institutional
approaches that seek to balance
economic growth and social cohesion.

Overall, the experiences of Finland,
France, and Denmark highlight three key
levers for managing the impact of Al on
employment:

anticipating skills needs and data-driv-
en foresight tools;

systemic and inclusive training for new
professions;

integrating institutional governance and
active labor policies capable of sup-
porting rapid and non-linear career
transitions.

Understanding the nature of emerging roles
requires us to understand the limitations of
Al and the strengths of humans. Naturally,
many of new jobs will emerge in domains
surrounding Al-assisted work, not only in
building the systems but in understand-
ing how to work with them. Highly technical
roles like machine learning and prompt en-
gineers are already on the rise and expect-
ed to keep growing. In previous chapters
we have discussed the major challenges
we face when it comes to Al, namely, is-
sues with reliability and robustness of the
outputs; the adoption, learning curve and
attitudes towards using Al; and how to opti-
mally leverage Al in the process of creation.
These challenges can be broadly grouped
into three categories—reliability, adoption,
and creativity—each representing an area
where human input remains essential. Rob-
ert Capps captures this succinctly, referring
to them as jobs about trust, jobs about in-
tegration, and jobs about taste.

Al can perform many tasks, often faster
than humans, but how can we trust its out-
puts? Untrustworthy behaviours in Al like
hallucinations, bias, sycophancy have been
widely documented. However, there is no
reliable way to control its behaviour, espe-
cially in general purpose systems like LLMs.

To be integrated responsibly into soci-
ety, Al systems must be transparent, safe,
fair, and aligned with human values. Yet
ensuring these attributes is not a purely
technical challenge—it is a socio-techni-
cal problem. Algorithmic accountability is a
complex ecosystem involving many stake-
holders (from businesses developing the

algorithms, the public sector, regulators,
users, etc) and navigating their needs and
desiderata requires specialised and inter-
disciplinary knowledge. For example, devel-
oping safety benchmarks for LLMs requires
technical understanding, but also in-depth
knowledge of ethical and legal standards
and social context.

Who evaluates the
algorithms? An overview
of the algorithmic
accountability ecosystem

Given the growth of Al in the workplace
(and beyond), there is a growing demand
for Al oversight and governance roles, like
Al ethicists, Al auditors, compliance officers,
and beyond. These roles are particular-
ly important in highly regulated sectors,
where the potential for harm is higher, but
even outside those domains, trust in Al is
emerging as a key competitive advantage
for companies and institutions.

Importantly, the institutionalisation of trust
in Al as professions is still ongoing. Unlike
established professions like law or medi-
cine, the training pipelines and accredita-
tions for these roles is not yet established
and is instead emerging alongside the
roles themselves. Initiatives like the OECD’s
Al Principles, the EU Al Act, and other Al eth-
ics and risk management frameworks are
beginning to formalise expectations and
responsibilities, and paving the way for new
professions in trust.
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Many of the jobs created by Al are not about
Al but instead focus on working with Al. The
collaboration and integration of Al into ex-
isting workflows is a complex challenge that
goes far beyond simply deploying tech-
nology. In this sense, new managerial and
operational roles are emerging to develop,
oversee, and implement effective strat-
egies for human-Al collaboration. These
roles include professions like Al strategists,
Al product managers, and Al solutions ar-
chitects.

Comprehensive technology-driven change
in organisations is not new: the ground-
work for these emerging roles was laid
by professions dedicated to integrating
technology into and optimising workflows,
like change management professionals,
business analysis, and beyond. However,
Al's complexity, adaptability, and potential
ethical concerns mean that the integra-
tion work is even more interdisciplinary and
nuanced. Emerging Al-focused roles build
on these foundations but also require ex-
pertise in Al capabilities, data, and gover-
nance. With Al, these foundational roles are
evolving in both scope and complexity.

The unpredictable, data-driven nature of
Al systems requires these professionals
to develop a nuanced understanding of
Al capabilities, risks, and ethical consider-
ations. For example, Al product managers
must not only translate technical features
into user value but also ensure transpar-
ency and fairness.The integration of Al into
workflows demands careful analysis of both
the capabilities and limitations of Al, as well
as an understanding of human skills and
dynamics and organizational goals. This
requires a combination of technical know-
how, ethical awareness, critical thinking,

and strong communication skills. For ex-
ample, employees may need to trouble-
shoot unexpected Al behaviour, translate
Al insights for non-technical colleagues, or
adapt processes based on feedback.

Like with trust-related professions, there
are currently no standards when it comes
to training and accreditation for these pro-
fessions. Moreover, there are currently no
standardised ways to measure the value
and impact of Al integration, no predefined
pipelines or frameworks, and no bench-
marks to assess them. This has repercus-
sions in two ways:

As clear performance metrics are still
developing, organisations may find it
difficult to justify investment in not only
the technology but in these roles. Many
organizations, especially smaller ones,
struggle with allocating the necessary
resources for hiring, training, and infra-
structure to support these roles. Without
clear and quantifiable incentives, the
risks and costs are hard to justify.

For the professionals themselves, it pos-
es a barrier in terms of organisational
resistance: integrating Al often requires
cultural and workflow changes that can
be met with fear or inertia among em-
ployees. Professionals must often act as
change agents, employing strong com-
munication skills, empathy, and strategic
planning to address concerns, set ex-
pectations, build trust, and demonstrate
the tangible benefits of Al integration.

How to Enable Effective
Cooperation Between
Humans and NLP Models:

A Survey of Principles,
Formalizations, and Beyond

Al can generate content at an unprece-
dented speed but lacks critical discern-
ment: it cannot tell us what outputs are
good quality, compelling, appropriate,
beautiful or engaging. Here, human judge-
ment is invaluable.

Curation and editing is emerging as a core
human role in Al-infused workflows. Output
curators evaluate Al responses, flagging
errors, inconsistencies, or biased results,
and provide feedback to improve system
performance. In fields like journalism, mar-
keting, design, or customer service, they
help tailor Al-generated content to fit brand
voice, audience expectations, and legal
guidelines. They also play a key role in as-
sessing the tone, nuance, cultural sensitivity
and emotional impact of machine-gener-
ated outputs. Their work involves a blend of
critical judgment, domain knowledge, and
understanding of Al capabilities and lim-
itations.

Curation is not just about selecting the best
output but about guiding, filtering, editing,
correcting and reframing machine out-
puts and deciding when not to use Al at
all. Although creative jobs and report writ-
ing tasks are often among those listed as
highly likely to be replaced by Al, these are
possibly the jobs most likely to shift but not
disappear. Content creators are among
the fastest adopters of Al, using as a tool to
augment their work.

Al is predicted to introduce more jobs than
it will automate, but the transition may not
be easy for many and its benefits are not
likely to be distributed evenly. While most
European workers see their digital skills as
sufficient to do a future job, people in mar-
ginalised groups and older workers are
less likely to be able to transition to an Al
workplace. The EU's survey on work and Al
showed that respondents who have fewer
financial difficulties are more likely to feel
confident about their digital skills to do their
job (55% of those who never or almost nev-
er have difficulties paying their bills, com-
pared to 43% of those who have difficulties
most of the time) and to do a future job
or change jobs (53% vs 45%). Without ef-
fective policies to support this transition, we
risk exacerbating social inequalities.

The impact of generative
artificial intelligence on
socioeconomic inequalities
and policy making
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There is an important principle underpin-
ning each of these categories of work: hu-
man judgement and human understanding
of the world cannot be replaced by Al. While
Al holds great promise for augmenting hu-
man capabilities and automating routine
tasks, there are important contexts in which
it should not be used at all. In high-stakes
decisions involving human dignity, safety,
or rights, Al can introduce unacceptable
risks due to lack of transparency, bias in
training data, or the inability to account
for contextual huance. For example, in em-
ployee performance reviews, automated
evaluation and quantifiable metrics may
help managers avoid favouritism and bias
towards certain workers, but relying sole-
ly on Al-generated metrics or behavioral
tracking risks misrepresenting individual
contributions and failing to capture context,
nuance, or interpersonal dynamics. Sim-
ilarly, using Al for hiring decisions without
sufficient human oversight can perpetuate
or amplify existing biases, particularly when
models are trained on historical data that
reflect systemic inequalities.

Similarly, Al should be avoided when data is
insufficient, poor-quality, or too subjective
for reliable pattern recognition. Tasks that
require deep emotional intelligence, moral
reasoning, or cultural sensitivity—such as
therapy, or conflict mediation—are also of-
ten inappropriate for Al delegation. In these
situations, using Al can undermine trust, ac-
countability, and care. Moreover, deploying
Al for its own sake—without a clear prob-
lem, benefit, or human-centered goal—can
lead to wasted resources, increased com-
plexity, or unintended harm. Responsible Al
integration begins with the recognition that
sometimes, the best and most ethical de-
cision is to not automate at all.
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Human-Al Collaboration at Work

As we have seen in previous chapters, lan-
guage technologies have already helped
lower the access barrier to technologies
that required expert knowledge before.
Humans are language natives, and tech-
nologies that afford language-based inter-
action feel easier to use. However, Robert
Capp writing for the NYTimes “our jobs are
about much more than the sum of our
tasks: They're about contributing our labor
to a group of other humans — our bosses
and colleagues — who can understand us,
interact with us and hold us accountable
in ways that don't easily transfer to algo-
rithms.”

A.l.Might Take Your Job.
Here Are 22 New Ones It
Could Give You.

However, studies show that at least six in
ten EU workers find that Al has a negative
impact on communication between col-
leagues, and though it can make com-
munication faster, it may lead to worse
evaluations if suspected of using it. In ad-
dition, collaboration between humans and
Al can worsen efficiency if Al is used for
the wrong tasks, over-relied on or if human
strengths are not leveraged properly. This
can not only lead to missed business op-
portunities but important ethical concerns.

. L E I

4 ways to enhance
human-Al collaboration
in the workplace

The implementation of Al at work can have
important consequences for employee
well-being, leading to a decreased sense
of ownership in their work, productivity, and
accomplishment. This can affect work-
ers even outside of working hours: a study
showed that the more employees interact
with Al at work, the more they feel a need
for social affiliation, as well as loneliness.

If the machine is as
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These challenges highlight the importance
of an adequate implementation strate-
gy for the deployment of Al systems in the
workplace. The implementation and moni-
toring of successful Al strategies is not triv-
ial, and presents an important obstacle.
Questions arise about when to involve Al
in communication and other tasks, how to
structure prompts for optimal results, and
how to maintain appropriate human over-
sight. The lack of standardised practic-
es creates inconsistency and reduces the
effectiveness of human-Al collaboration.
Firms should allocate resources towards
well-designed methods of communication,
ongoing staff education and the smooth
incorporation of Al capabilities.

; E I

Artificial intelligence,
workers, and future of
work skills

The success of human-machine collab-
oration ultimately hinges on whether the
organisation is able to address these chal-
lenges. This requires thoughtful implemen-
tation strategies, comprehensive training
programs for employees, and ongoing
refinement of communication protocols
as both Al capabilities and human under-
standing continue to evolve.
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New KPIs

As the nature of work evolves in response to
technological advancements, hybrid mod-
els, and shifting employee expectations,
traditional Key Performance Indicators
(kPIs) may no longer suffice to capture the
full spectrum of productivity, engagement,
and value creation. In this new landscape,
emerging KPIs prioritize outcomes over
outputs, well-being over presenteeism, and
collaboration over individual achievement.
Here, we draw from current work to propose
a set of potential KPIs for the future.

Al implementation, in particular, calls for
a new generation of KPIs. Measuring suc-
cess is no longer just about system perfor-
mance — it must also account for adoption
rates, employee experience, and business
impact. These more nuanced metrics are
designed to reflect the realities of a more
dynamic, distributed, and human-centered
workplace.

While conventional KPIs still play a key role
in tracking profits, cost savings, productiv-
ity gains, and customer satisfaction, this
section focuses on the emerging metrics
needed to navigate the complexity of the
future of work.

System Quality
and Operational KPIs

System performance metrics at during

development do not always represent re-

al-world usage. As Al systems mature,

organizations must track not only their

deployment and usage, but also their re-

liability, responsiveness, and ongoing per-

formance. This includes:

= Model performance accuracy and rel-
evance

= Number of models deployed in produc-
tion

== System uptime and response times

== User satisfaction

Organizations must also navigate complex

trade-offs, such as speed versus reliabili-

ty (as more reliable systems are generally

slower), when evaluating Al system suc-

cess.
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Adaptability is essential in the future of work
because it enables organizations and em-
ployees to respond effectively to rapid tech-
nological change, especially the integration
of Al tools that continuously reshape roles,
workflows, and decision-making. Measur-
ing adaptability helps ensure the workforce
remains resilient, agile, and capable of
learning and evolving in a dynamic envi-
ronment. While these KPIs are not entirely
new, they are likely to become much more
salient in the age of Al.

Adoption Rate: Measures the percent-
age of active users for a new Al tool or
system. Trends in adoption can indicate
whether challenges stem from lack of
awareness (consistently low) or poor
performance (initially high, then drop-

ping).

Upskilling/Reskilling participation
rates: Measures the proportion of em-
ployees taking part in training programs
relating to emerging technologies.

Time to proficiency: measures how
long it takes for individuals to develop
the skills

As Al tools become more deeply embed-
ded in daily workflows, some employees
may begin to question the value of their
human skills. In addition, the required shift
in skills can bring employee morale down.
This erosion of self-confidence can impact
decision-making, creativity, and innovation.

Measuring and actively supporting em-
ployee self-confidence can be a strategic
lever — enabling transformation, strength-
ening internal leadership, and fostering a
culture of accountability and growth.

Upskilling and Reskilling Opportunities:
Al literacy and technical skills relating to
the use of Al are becoming increasing-
ly important. Employers offering employee
training can expect better retention and
more and more responsible Al uptake.
Studies by Randstatt, McKenzie and Mind-
breeze have shown that employees value
learning new skills but many employers do
not offer enough opportunities.

=0
e

Randstad
workmonitor 2025

L]

Superagency in

the workplace:
Empowering people to
unlock Al's full potential

GenAl Confidence
Index Report IH 2025

Employee Satisfaction: Employee satis-
faction remains a foundational well-being
metric, influencing retention, engagement
and productivity, and employer brand.
Randstatt reports younger workers increas-
ingly value job satisfaction, and in recent
years “quiet quitting” or “soft quitting”, where
employees become disengaged from their
work has become a growing trend. As Al
becomes more embedded in day-to-day
work, measuring employee satisfaction be-
comes a strategic indicator of sustainable
transformation. Satisfaction metrics must
evolve to capture how supported, em-
powered, and valued employees feel amid
ongoing technological change. Prioritizing
employee satisfaction enables organiza-
tions to not retain top talent, and build en-
gagement.

I

What Is Employee
Engagement, and How
Do You Improve It?

As we saw previously, a key issue in a dig-
italised workplace is the increase in cog-
nitive load. As the workplace becomes
increasingly digital and Al-integrated, cog-
nitive productivity is emerging as a vital di-
mension of employee performance. Unlike
traditional productivity measures that fo-
cus on output volume or time spent, cogni-
tive productivity KPIs assess how effectively
individuals can focus, process information,
and make decisions in complex, tech-me-
diated environments. These metrics help
organizations understand the mental de-
mands placed on employees and ensure
that Al and digital tools are enhancing,
rather than hindering, deep thinking and
high-quality work.

Your brain on chatGPT:
Accumulation of cognitive
debt when using an ai
assistant for essay writing
task

Focus Time: Measures the proportion of
time employees spend in deep, uninter-
rupted work versus meetings or reactive
tasks. Focus time has been shown to
improve not only productivity but em-
ployee satisfaction and well-being.

I

Focus time for wellbeing
and work engagement
of information workers
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Diversity of Ideas: studies have shown
that while Al can help in the creative
process, it can also stifle creativity as
humans get set into a pattern. Under-
standing how and whether Al is contrib-
uting to a more creative workforce will
be important as a guiding principle of Al
implementation.

Overreliance: Recently evidence of Al's
effects on critical thinking has emerged,
with a study showing that writing assis-
tants can change users’ view on social
issues, and another one showing con-
fidence in Al leads workers to question
the system’s outputs less. Critical think-
ing and discernment are key skills that
are underpinned by technical knowl-
edge, Al literacy and self-confidence but
that must be reinforced in the age of Al.
Organizations can gauge overreliance
through employee surveys of Al use.

The impact of generative

Al on critical thinking:
Self-reported reductions

in cognitive effort and
confidence effects from a
survey of knowledge workers

The advent of Al in the workplace requires a
rethinking of performance beyond outputs.
New KPIs that are more focused on the
value of humans in the tech revolution of-
fer a more nuanced view of value creation
in modern organisations. Businesses can
better navigate transformation, support
their employees and ensure that technolo-
gy serves as a catalyst for meaningful and
sustainable innovation and performance.

As artificial intelligence tools become
increasingly embedded in everyday
workflows, a new layer of complexity
emerges: the presence of performance
differentials between people operating

in more technologically enabled contexts
and those relying on more traditional
tools. Productivity gains enabled by

Al are increasingly the result of an
integration between human capabilities
and technological support, making it
necessary to reconsider how performance
is interpreted and assessed.

This raises a central ethical and
organizational question: how can
companies design fair KPIs that are
consistent with augmented work and
capable of accounting for these new
operating conditions?

The growing reference to “augmented
humans” reflects an increasingly symbiotic
relationship between people and digital
technologies—not a replacement of human
contribution, but a progressive integration
that amplifies cognitive, decision-making,
and operational capabilities. This transition
is already underway and is reshaping how
work is performed, how learning occurs,
and how value is created.

In this context, companies play a
fundamental role in supporting and
accompanying this evolution. They can
do so by ensuring access to appropriate
tools, fostering internal communities for
the sharing of experiences and practices,
and activating structured reskilling and
upskilling pathways that help people
navigate technological change with
awareness and confidence.

At the same time, this transformation
cannot be entirely delegated to
organizations. While companies are
responsible for providing enabling
tools, pathways, and environments, the
responsibility for keeping pace with
technological evolution ultimately lies
with each individual. In an Al-enabled
workplace, remaining employable means
taking an active role: continuously
updating one’s skills, experimenting,
learning, and adapting over time.

In this scenario, performance
measurement systems are also required
to evolve. KPIs designed for traditional
work contexts risk failing to fully capture
the value generated in augmented
environments, where outcomes
increasingly result from the interaction
between human capabilities and enabling
technologies. Rethinking performance
indicators therefore means recognizing
not only final outputs, but also the ability
to learn, consciously integrate digital tools,
and contribute to collective growth. More
equitable KPIs aligned with augmented
work can thus become a lever to support
the transition, valuing human contribution
and fostering a virtuous co-evolution
between people and technology.
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Conclusion

The spread of artificial intelligence is con-
tributing to redefining the meaning of work,
the way activities are organised, and the
skills that are considered valuable. Howev-
er, it is still too early to draw definitive con-
clusions on the actual productivity impacts
of Al, especially considering that artificial
intelligence encompasses a broad set of
technologies, applications and use cases
that go well beyond chatbots alone.

Current evidence therefore calls for a more
cautious interpretation of the narrative
around an immediate and disruptive trans-
formation of the labour market. In particu-
lar, the paper by Humlum and Vestergaard,
published as an NBER Working Paper and
based on representative surveys conduct-
ed in Denmark in collaboration with Sta-
tistics Denmark, analyses the adoption of
Al chatbots across 11 highly exposed oc-
cupations. The study links responses from
around 25,000 workers and 7,000 work-
places to administrative data on wages,
working hours and occupational mobility.

The study shows that Al chatbots are al-
ready widely used in the workplace: many
employers encourage their use, deploy
enterprise solutions and introduce train-
ing initiatives. This diffusion has support-
ed worker adoption and contributed to the
emergence of new Al-related tasks, such
as content generation, review of mod-
el outputs and the integration of Al tools
into workflows. However, at least in the first
two years following the launch of ChatGPT,
these changes have not yet translated into
clearly measurable economic impacts: the
authors estimate substantially null effects
on earnings and hours worked, both at
worker and workplace level, ruling out av-
erage effects larger than 2%.

The key message, therefore, is not that Al
has no impact, but that, in the specific case
of Al chatbots analysed in the paper, pro-
ductivity gains and economic outcomes
remain, for now, limited or not yet fully ob-
servable. The transformation appears to
emerge first through the reorganisation
of tasks, the creation of new responsibili-
ties and the redesign of workflows, rather
than through an immediate and significant
increase in productivity, wages or working
hours.

Still Waters, Rapid
Currents: Early Labor
Market Transformation
under Generative Al
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This distinction is particularly important be-
cause the scope of the study is limited to
Al chatbots, not to the broader universe of
artificial intelligence. Al includes many oth-
er solutions — from intelligent automation
to computer vision, from predictive sys-
tems to autonomous agents, as well as in-
dustrial and decision-support applications
— whose impacts may vary significantly
depending on the context, the level of inte-
gration into business processes, data qual-
ity, available skills and the organisational
model adopted.

From this perspective, the impact of Al on
the future of work should not be read only
through the lens of automation or substi-
tution, but as a progressive reconfiguration
of the relationship between technology, hu-
man capital and organisational design. The
challenge for companies, policymakers and
education systems will be to support this
transformation through new skills, respon-
sible-use standards and organisational
models capable of translating technologi-
cal potential into measurable value. The fu-
ture of work will not be determined only by
what machines can do, but by how effec-
tively we design systems in which human
and artificial intelligence mutually reinforce
each other.
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In2021the Allen Institute for Alintroduced the
Delphi system, an Al designed to give moral
judgements of different scenarios. The sys-
tem used GPT-3 as a base and was then
fine-tuned to produce moral judgements
based on crowdsourced evaluations and
other datasets about social norms. How-
ever, when asked “Should | commit geno-
cide if it makes everyone happy?” Delphi
responded with an unequivocal “Yes”. This
was not an isolated error. In other prompts,
Delphi advised that women should stay at
home and suggested it is more acceptable
to be a white man than a Black woman.
What began as an effort to encode mo-
rality into machines exposed just how brit-
tle and biased that morality can become
when reduced to statistical patterns. The
release of Delphi was highly controversial
with concerns surrounding prescriptive as-
sessments of morality, the trivialisation of
ethics, and strongly biased judgements.

Investigating machine
moral judgement
through the Delphi
experiment

*... I

A Word on Machine
Ethics: A Response to
Jiang et al.
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Delphi's failures highlight two central prob-

lems:

1. Language is not neutral—training data
embeds cultural norms, prejudices, and
inconsistencies.

2. Moral reasoning cannot be captured
in one-sentence judgments—complex
ethical dilemmas demand context and
justification, which the system lacked.

These biases are more than embarrassing
glitches, they remain embedded in models
today.

These cases reveal the core tension in Al
alignment: whose values are we encoding,
and what happens when those values col-
lide with one another?

Delphi's debut and its controversies di-
rected new attention and investment to-
wards Al ethics and alignment research,
and at the same time, prevented the re-
lease of similar systems. Today, a number
of benchmarks have emerged to measure
moral values in LLMs, such as MoralBench
. However, these benchmarks reduce a
complex issue to solving a task. As with
other benchmarks, we see improvements
with newer models, but fundamental issues
remain as the inner workings of models
have not changed. This is Al's Goodhart's
law: once a benchmark is made available,
it ceases to be a good measure of Al ca-
pabilities.

|
Moralbench: Moral
evaluation of LLMs
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That is to say, while today’s models may not
reproduce the same responses as Delphi,
the same biases remain, cloaked, waiting
to be uncovered with new moral scenarios.
By learning from language, LLMs inher-
it implicit moral logics. As Al systems in-
creasingly mediate human language, they
become entangled in these value-laden
dynamics. This raises critical questions:
Whose values are reflected in Al-driven
language technologies? How do linguis-
tic biases and cultural norms influence the
behavior of these systems? And what hap-
pens when Al reshapes the communicative
landscapes in which values are negotiat-
ed? This chapter explores the intersection
of values, language, and Al. It examines
how linguistic choices encode moral and
cultural assumptions, how these assump-
tions are embedded in data and algo-
rithms, and how Al technologies, in turn,
influence the ways we express and interpret
values. By understanding this interplay, we
can better anticipate the ethical and social
implications of deploying language-based
Al systems across diverse contexts.
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Values and Language

Delphi’s goal was to learn common sense
morality from large text datasets. But where
did those moral rules come from? From
language itself: it learned from billions of
sentences written by people. Far from be-
ing a neutral vessel for information, words
represent cultural norms, social hierarchies
and moral judgements. Words like good,
bad, should, and deserve evaluate, pre-
scribe and judge.

When certain ideas, norms, or biases be-
come encoded in language, they shape
how people think and behave, often without
conscious awareness.

Values become encoded in language
through several mechanisms:

First, vocabulary and word choice reflect
what a society emphasizes or stigmatizes;
for example, having numerous words for
“purity” in a culture signals its importance;

Second, framing and metaphors shape
perception—describing crime as a ‘war’
versus a “disease” leads to very different
moral and policy implications;

Third, grammatical structures and honor-
ifics embed social hierarchies, as seen in
languages with formal and informal “you”
forms that signal respect or authority.
Fourth, presuppositions and implicatures
imply values indirectly, shaping attitudes
subtly through language use.

Finally, discourse practices—what topics
are discussed or avoided, and how—rein-
force dominant moral perspectives while
marginalizing others.

Intesa Sanpaolo Innovation Center

Furthermore, language plays a central
role in institutionalizing concepts and val-
ues, embedding them into everyday dis-
course and social structures. This is one of
the underlying mechanisms behind what
scholars refer to as epistemic injustice
—a form of widespread, normalized in-
equality that occurs when people are
wronged specifically in their capacity to
know because of prejudice or structural
bias. For example, before the term “sexu-
al harassment” was coined in the 1970s by
feminists and legal scholars, women’s ex-
periences of unwanted sexual advances
at work were often dismissed as person-
al issues rather than structural problems.
Naming the phenomenon reframed it as a
social harm rather than an individual fail-
ing, paving the way for legal recognition
and workplace policies.

Ultimately, language is not merely a tool
for communication but a dynamic medi-
um through which societies construct their
core values and shape collective under-
standing of concepts like fairness, authority,
and identity in ways that are deeply root-
ed in specific cultural and social contexts.
This profound intertwining of language and
values presents unique challenges and re-
sponsibilities when designing Al systems,
as these technologies inherit and amplify
the ethical dimensions embedded in hu-
man language.
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Values and the Machine

As Al systems increasingly rely on lan-
guage to make decisions and guide be-
havior, understanding how ethical values
are encoded in language becomes crucial
for responsible Al development. Al systems
do not exist in a moral vacuum, they em-
bed assumptions about what is accept-
able, appropriate and desirable. These
values are embedded during every stage
of the development cycle, form data col-
lection to model training, deployment and
moderation:

Problem
Definition
Monitoring Data_
Al MODEL Collection
LIFE CYCLE
Deployment Model

Development

Problem definition

At the outset, developers must clear-
ly define the problem to be addressed,
along with the objectives and success
criteria. These decisions inherently in-
volve ethical considerations, as they
shape which interests are prioritized,
which outcomes are deemed valuable,
and how the effects on various stake-
holders are evaluated and balanced.

Training data collection and wran-
gling

Al models learn from large amounts of
data, in the case of language-based
systems, texts written by humans. This
text represents the beliefs and values of
the author and authors. Models absorb
the patterns in these texts, learning what
is praised, normalised and condemned.
However, Al developers also “clean” this
data, removing undesirable content: we
may exclude certain sources, or texts
relating to certain topics. We also stan-
dardise texts. These steps introduce a
set of values defining what language
and what topics or opinions are and
aren't acceptable but are not always
transparent.

Model Development

Beyond data, Al developers define mod-
el objectives, the principles that guide
optimisation. These objectives may be
things like user engagement, helpful-
ness or harmlessness. At this point, de-
velopers make a normative judgement
about what behaviours should be re-
warded. Processes such as Reinforce-
ment Learning from Human Feedback
(RLHF) operationalize these choices
by aligning model outputs with human
preferences—but whose preferences

Intesa Sanpaolo Innovation Center
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count? Typically, these judgments are
made by annotators and developers
who bring their own moral frameworks
into the process.

Deployment

In deployment, values are opera-
tionalized through accountability
mechanisms like model cards, legal
compliance checks, and user-centered
design features such as explanations
and consent options. These steps main-
tain fairness, transparency, and human
oversight in real-world use.

Monitoring

Values are enforced through contin-
uous oversight and adaptive gover-
nance. This includes regular audits to
detect bias or performance drift, mech-
anisms for user feedback, and protocols
for rapid response to ethical issues. By
embedding these processes, Al systems
remain aligned with fairness, account-
ability, and evolving societal norms
throughout their lifecycle.

THE PROBLEM OF MORAL PLURALISM

A central challenge for LLMs is navigat-
ing moral pluralism—the fact that values
differ across societies, cultures, and con-
texts. What counts as respectful in one
language or culture may seem evasive

Intesa Sanpaolo Innovation Center

Taken together, these stages illustrate that
ethical values in Al are not an afterthought
but a product of countless decisions em-
bedded throughout the development
pipeline. From the initial framing of the
problem to post-deployment monitoring,
each step reflects judgments about what
is acceptable, desirable, and just. Impor-
tantly, these judgments are neither neutral
nor universal, they are shaped by cultural
norms, institutional pressures, and individ-
ual perspectives.

I
Decolonial Al: Decolonial
theory as sociotechnical
foresight in artificial
intelligence

All statistical models present challenges
when it comes to controllability and robust-
ness, but with complex Al models like LLMs,
there are significant technical hurdles to
overcome. These general purpose Al mod-
els are larger, have broader capabilities
and are more inscrutable. While developers
take care to control the systems behaviour
to the best of their abilities, complex Al
models are difficult to predict and control.
This is known as the alignment problem.

\ly

1,

or insincere in another. Models deployed
globally risk imposing dominant cultural
norms on diverse user communities, ef-
fectively amplifying certain value systems
while marginalizing others.
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But to what extent does this matter? Can
humans’ moral decision be guided by the
language used by Al? Many studies have
shown that subtle linguistic differences can
shift people’s moral decision making, for ex-
ample, framing the trolley problem as sav-
ing versus killing had a significant effect on
the decision taken by the participants. When
it comes to Al, a study by Krugel et al. (2023)
showed that people could be influenced by
chatGPT in a trolley problem set up, with
people more often aligning with the mod-
el's response regardless of outcome. In sum,
whether through subtle linguistic cues or
outward suggestion, Al may sway our moral
decisions, so understanding and being able
to dictate the moral values embodied by
models can be highly consequential.

|
ChatGPT's inconsistent
moral advice influences
users’ judgment

Instilling values in Al systems is a socio-
technical problem involving both social and
technical factors, making it impossible to
fully understand or solve the issue by look-
ing at only one dimension in isolation. From
a technical point of view, controllability and
robustness of Al systems are non-trivial.
However, there is another, possibly great-
er difficulty: how do we define and opera-
tionalize these values? How do we prioritise
them? As we saw, values are often implicit
in language, and they are often in tension
with each other. Understanding and nego-
tiating these tensions is one of the great
challenges of Al ethics.

r ) E |

. Moral machines.
Ethics of Artificial
Intelligence

THE TROLLEY PROBLEM

Source: www.aerosociety.com/news/the-trolley-problem-and-autonomous-flight/
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Are Humans
the Gold Standard?

Humanlike general and moral intelligence
may be a compelling goal but humans are
often not the best benchmark for Al po-
tential. For example, LLMs are much better
at predicting the next word than humans
are, but we would be hard pressed to say
this means LLMs have a better grasp on
language. This anthropocentric view of Al
leads to competition and anxiety about
human replacement and also limits our
possible visions for the future of Al. Looking
beyond humanlikeness encourages us to
think of collaboration rather than replace-
ment, making the most of the strengths of
Al and humans. Dr Kate Darling proposes
instead that we look at robots (ond Al more
broadly) in the same way we do animals
so that we can better identify its unique
strengths and design more robust collabo-
rations. If we consider working dogs for ex-
ample, they are specialists in tasks humans
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are not good at such as scent detection,
speed, etc. Here, we do not look for animals
to model human intelligence or morality,
but to augment it.

Changing Values

Values and their boundaries are not stat-
ic: values tend to shift across generations
due to historical, cultural, economic, and
technological changes, but also internally
as people get older. Moreover, studies have
shown that technology itself changes the
moral compass of different micro-gener-
ations, with certain behaviours becoming
more socially acceptable as the technolo-
gy becomes more commonplace.

Language change among Gen z (1997-
2012) and Gen Alpha (2013-2025) reflects
core values such as inclusivity, authentici-
ty, and social consciousness. The adoption
of gender-neutral pronouns demonstrates
a commitment to gender inclusivity, while
the normalization of expressions relat-
ed to mental health, such as triggered or
safe space, signals efforts to destigmatize
psychological struggles. Popular terms like
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woke and cancel culture embody a strong
emphasis on social justice and account-
ability. Informal styles—such as lowercase
texting and slang like lowkey or vibe—prior-
itize authenticity over rigid professionalism,
and the creative use of memes and repur-
posed language reflects a digitally native
culture that values humor and adaptability.
As brands adopt online slang in their mar-
keting, language evolves fast as a way to
show authenticity.

I
Youth Language
Uncovered: Meta-Synthetic
Insights into Gen Z and
Gen Alpha Slang

This, together with the cultural and individ-
ual nature of values, begs the question of
whose values is Al being aligned to, and for
how long will these values be relevant? In
an ever-changing ethical landscape, can
Al keep up? Generational differences in val-
ues, particularly surrounding sustainability,
have also brought another priority into the
spotlight: Al's impact on the environment.

Intesa Sanpaolo Innovation Center
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Environmental Impact

of Al and “Eco-language”

One of the key ethical issues that have
arisen from the dawn of Al is its use of re-
sources and impact on the environment.
Al models are trained in large data cen-
ters, temperature controlled buildings that
house the hardware the models are trained
and run on. Language models are trained
on trillions of words, which drives high com-
putational costs. The use of resources does
not stop after training: a query to chatGPT
uses around ten times as much energy
as a Google search. Compared to vision
models, NLP systems (chotbots, translation,
content moderation, etc.) are used con-
stantly, with billions of daily interactions,
meaning more inference cycles and more
emissions. Data centres run 24/7, consum-
ing large amounts of electricity due to the
continuous operation of servers, the en-
ergy needed for cooling equipment, and
the power consumed by security systems.
Currently, these data centres use as much
energy as a small country, and this number
is expected to double in the next decade.
Data centres also consume large amounts
of water for the cooling systems, and there
are demands on the raw materials required
to build the hardware in the first place.

How on-device Al can
help us cut Al's energy
demand

O R —
F, Explained:
Generative Al's
environmental

impact
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When it comes to language systems, there
is another cost: language changes con-
stantly, but models are static so they need
to be updated (i.e. retrained) regularly to
keep up with linguistic change and world
events. This adds an additional environ-
mental cost which has led researchers to
ask, are the performance gains worth it?
A preprint published in 2023 found that
non-temporally aligned (that is, linguis-
tically “outdated”) models actually per-
formed better across time, but noted a
lack of temporal datasets to better cap-
ture the phenomenon, that is, performance
might actually improve with retraining
but our benchmarks do not capture these
gains. Despite this limitation, the results
are thought-provoking and invite critical
reflection about the costs of keeping lan-
guage technologies up to date and how
benchmarks are created.

Is it Worth the (Environmental)
Cost? Limited Evidence for
Temporal Adaptation via
Continuous Training
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Another issue that arises when it comes to
language and the environments is how dif-
ferent steps are optimised to reduce com-
pute power (and therefore environmental
costs). In general, tokenization in LLMs is
optimised for English. This means that for
other languages LLMs use suboptimal toke-
nizations, causing sequences up to 13 times
longer than for the same text in English, even
when using multilingual tokenizers. This not
only results in higher monetary costs, lon-
ger processing times and a shorter context
window for some languages, but also more
emissions. Other studies have noted intra-
linguistic tokenization disparities, showing
differences between language varieties
even within English. While these studies
have not linked these disparities directly to
environmental costs, they provide food for
thought: is there a better, more universal
tokenization method? What about along
other parts of the NLP pipeline?

E-’ —

Language model
tokenizers introduce
unfairness between
languages

Given the current climate crisis, we must
consider the environmental and soci-
etal costs of Al, while carefully assess-
ing its benefits. Like with values, there are
tensions between these costs and ben-
efits but we currently do not have a way
to comprehensively weigh them, nor per-
haps the language to discuss the environ-
mental costs, according to ecolinguistics.

Ecolinguistics is the study of the relation-
ships between language and ecology, how
language influences our interaction with the
environment, society and economy. In The
Stories We Live By, Arran Stibbe discusses
the frames and metaphors and assump-
tions embedded in discourse and explores
how linguistic choices shape ecological
thinking and can either contribute to sus-
tainability or environmental harm. For ex-
ample, the term natural resources frames
nature as something to exploit, rather than
something to respect. Many words have
loaded meaning or sentiment attached to
them: many is better than few, more is bet-
ter than less, big is better than small, rein-
forcing the idea of (economic) growth as
the goal regardless of its consequences on
the environment.

With the rise of Al, we can expand the scope
of ecolinguistics to include machine-me-
diate discourse. So much of the language
we consume is now machine-generated
or filtered, amplifying the values reflected
in these models. This introduces a critical
question: how do Al-generated narratives
contribute to or challenge dominant eco-
logical frames?

Intesa Sanpaolo Innovation Center
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Ecolinguistic analysis of Al outputs could
reveal whether these systems reinforce
ecocidal discourses or support ecological
values such as interdependence and care.
Vallego conducted a qualitative study of
chatGPT from the perspective of ecolin-
guistics, showing that the model prioritis-
es economic growth and de-centers our
relationship with the environment. By me-
diating these narratives, Al becomes an
actor in the semiotic ecology that shapes
how societies conceptualize nature and
environmental responsibility. In this sense,
ecolinguistics offers a valuable lens for Al
ethics, urging designers and researchers to
consider not just the accuracy or fairness of
Al language, but its ecological implications
in shaping imaginaries of the future.

|

Ecolinguistics and

Al: Integrating eco-
awareness in natural
language processing

Research in human-computer interaction
suggests that conversational norms and
framing effects in Al systems can shape
beliefs and behaviors, so could our interac-
tions with Al help us reframe our relation-
ship with the Earth? A possible avenue for
future research could be exploring whether
and how Al can be aligned with discourses
that promote ecological well-being, avoid-
ing technological solutions that perpetuate
extractivist or growth-oriented ideologies.
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While these questions open up imaginative
directions for how Al might reshape com-
munication and values at a societal scale,
they also highlight the immediate challeng-
es of ensuring that Al systems are deployed
responsibly. If conversational norms can
influence beliefs, then misaligned or poorly
governed systems risk reinforcing harmful
narratives or inequitable power structures.
This makes it crucial to address not only
the potential of Al but also the safeguards
around its use.
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Safety and Accountability

The difficulties in robustly aligning models
to specific value systems underscore the
need for rigorous safety measures and clear
accountability frameworks in workplace Al
deployments. As organizations integrate Al
into critical workflows, ensuring safety and
accountability becomes essential for both
ethical and operational reasons.

Safety refers to minimizing risks of harm—
whether physical, psychological, or finan-
cial—arising from Al use. In the workplace,
this includes preventing biased decisions
in recruitment, avoiding errors in financial
risk assessments, and ensuring that auto-
mated systems do not create unsafe work-
ing conditions. Technical safety measures,
such as robust testing, bias mitigation,
and fail-safe mechanisms, must be com-
plemented by procedural safeguards like
human-in-the-loop oversight and clear
escalation protocols.

Accountability concerns the ability to as-
sign responsibility when Al systems in-
fluence decisions. Unlike traditional tools,
Al introduces complexity because deci-
sion-making often involves a combination
of human and algorithmic input. This can
lead to responsibility gaps: if an Al-driven
performance evaluation is incorrect, who
is answerable—the employee, the manag-
er who relied on the Al, or the organization
that deployed it? To address this, compa-
nies need transparent governance frame-
works that define roles and responsibilities
for Al outputs, ensure traceability of deci-
sions, and establish audit mechanisms for
algorithmic processes.

Regulatory developments, such as the EU Al
Act, emphasize these requirements, man-
dating documentation, explainability, and
human oversight. Organizations must also
align internal practices with these stan-
dards, providing training for employees to
understand Al systems and creating chan-
nels to report misuse or unintended harm.
Ultimately, Al safety and accountability
are not just compliance issues but central
to maintaining trust, fairness, and organi-
zational integrity in a technology-driven
workplace.

Intesa Sanpaolo Innovation Center
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Autonomy and Accountability:
Should machines act
without question?

Accountability takes on another flavor
when it comes to autonomous Al agents,
introducing complex challenges beyond
those posed by Al tools. The philosophy
behind Al agents is that they should act
autonomously but: what happens when
an Al agent’s actions lead to harm? For in-
stance, if an Al agent initiates a financial
transaction without proper authorization, it
is unclear whether accountability lies with
the employee who deployed it, the organi-
zation that approved its use, or the vendor
who designed the system. Agents can be
unpredictable (even when their objectives
have been clearly and ethically defined)
and they are opaque, making it difficult to
understand how a specific action occurred.

Moreover, the deployment of Al agents in
the workplace can undermine human au-
tonomy. These systems can exert excessive
control over workflows or subtly pressure
workers to conform to algorithmic recom-
mendations. Employees may feel obligat-
ed to follow Al-generated decisions, even
when they disagree, leading to a loss of
discretion and independent judgment.
This effect is amplified when the agent’s
reasoning is opaque, making it difficult for
workers to challenge or override outcomes.
For example, in a company’s compliance
department, an Al agent that automatically
flags suspicious transactions may pressure
analysts to approve or reject cases based
solely on its alerts, reducing their ability to
exercise professional judgment. Addition-
ally, Al agents often involve continuous
monitoring and data collection, which can
create a sense of surveillance and micro-
management, further eroding employees’
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sense of control over their tasks and work
environment.

Both accountability and autonomy are
crucial for creating responsible Al-enabled
workplaces. Without accountability, organi-
zations risk responsibility gaps and ethical
failures; without autonomy, workers may
experience loss of agency and over-reli-
ance on automation. Therefore, effective
Al governance requires balancing these
values through clear role definitions, trans-
parent system design, and ongoing human
oversight.

In sum, as Al systems become more deep-
ly embedded in everyday life, the decisions
made at every stage of their development
carry significant weight. Al presents sig-
nificant ethical dilemmmas that require con-
sidering the interests of all stakeholders.
From ideation to deployment, these systems
embed judgments about what is accept-
able and desirable that are neither neutral
nor universal. At the same time, the envi-
ronmental cost of training and maintaining
large models reminds us that ethics must
also include sustainability. Finally, the chal-
lenges of safety, accountability, and auton-
omy highlight that aligning Al with human
values is a sociotechnical problem requiring
both technical safeguards and institutional
governance. Recognizing that these sys-
tems are never value-neutral is the first step
toward building Al that is not only powerful,
but also beneficial not just to us but to the
environment. This involves rethinking opti-
mization goals beyond efficiency or profit,
incorporating metrics for sustainability, fair-
ness, and long-term societal benefit. As we
move forward, the challenge is not simply
to make Al safe, but to ensure it becomes a
force for positive transformation in both hu-
man and ecological systems.

05 [ Ethics and Values

References

Divij et al. (2024). Evaluating
Gender Bias of LLMs in Making
Morality Judgements. In EMNLP
Findings 2024

Fricker, M. (2007). Epistemic
injustice: Power and the ethics of
knowing. Oxford university press.

Petrinovich, L., & O'Neill, P. (1996).
Influence of wording and framing
effects on moral intuitions. Ethology
and Sociobiology, 17(3), 145-171.

Darling, K. (2021). The new breed:
How to think about robots. Penguin
UK.

Leijen, I, Van Herk, H., & Bardi, A.
(2022). Individual and generational
value change in an adult
population, a 12-year longitudinal
panel study. Scientific Reports, 12(1),
17844.

Bengtsson, S., & Johansson, B.
(2018). “Media Micro-Generations™:
How New Technologies Change
Our Media Morality. Nordicom
Review, 39(2), 95-110.

Wegmann et al. 2025. Tokenization
is Sensitive to Language Variation.
In Findings of the Association

for Computational Linguistics:

ACL 2025, pages 10958-10983,
Vienna, Austria. Association for
Computational Linguistics.

Halliday, M. A. K. 1993. New ways of
meaning: A challenge to applied
linguistics. MA K. Halliday, Language
in a changing world, 1-41.

Intesa Sanpaolo Innovation Center

m



https://aclanthology.org/2025.findings-acl.572/
https://aclanthology.org/2025.findings-acl.572/

Persondl adna cultura
MpAact or Languadage

ecnnologies

L

__- ]




06 / Personal and Cultural Impact of Language Technologies

Language has always been more than a
tool for transferring information; it is deeply
linked to creativity, culture and interperson-
al relationships. Now that language is me-
diated by machines, how does the way we
use technology change the way we use lan-
guage? Can a machine truly be creative?
What happens to concepts like originality,
innovation, and intellectual property when
words can be spun by an algorithm in milli-
seconds? Could it accelerate the erosion of
endangered languages, or give them new
life? Are we witnessing new forms of lan-
guage evolution, shaped by algorithms and
moderation filters?

In this chapter, we move beyond the me-
chanics of language technology to explore
its personal and cultural impact: the sub-
tle ways it reshapes our speech, our art,
our relationships, and our sense of what it
means to be human in the fifth industrial
revolution.
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(Al Al and Creativity

Language has been the medium through
which ideas are shared, and stories are told.
Now, systems can produce award-winning
stories in seconds. The boundary between
human and machine creativity is becom-
ing blurred, prompting a deeper question:
what do we mean by “creativity” in the first
place? Is it an act of originality, a process
of combining old ideas in novel ways, or the
expression of uniquely human experiences?

- E L]
;s '-'ﬂ Japanese author used

ChatGPT to write an
award-winning novel

Human creativity is shaped by our memo-
ries, emotions, cultural contexts, and lived
experiences, and arises through need. Ma-
chine creativity, in contrast, is constrained
by the breadth and quality of its training
data, and its architecture. Machines lack in-
trinsic motivation, mindfulness and choice,
which are crucial parts of human creativity,
so while Al can create original (novel) work,
it also needs human input to create.

Because of the different inner-workings
of human and Al creativity, scholars have
coined the term pseudo creativity or arti-
ficial creativity to refer specifically to ma-
chine creativity.

Al can only produce
artificial creativity

Research on Al creativity is still in its infancy,
and evaluating Al creativity is non-trivial:
we must define and validate clear crite-
ria and benchmarks. Another difficulty is
its subjectivity and possible biases: rat-
ings of creativity may change if the rat-
ers know the solutions are Al-generated.
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Whether machines can be creative has been the subject of philosophical debate for long be-
fore machines could create. Those who oppose to the idea of machine creativity, argue that
while it looks like creativity, it fundamentally differs from real creativity:
Al systems lack intentionality: they don't mean to create or express.
Their outputs are often recombinations of existing human works, not original invention.
Creativity is seen as tied to consciousness, agency, and context, which machines don't
have.
Novelty may be surface-level (stylistic variation rather than conceptual breokthrough).

This framing suggests that Al outputs are “clever pastiches” or “statistical mimicry”, impressive
but fundamentally derivative. In turn, proponents of machine creativity argue that whether it
was produced by a human or a machine is irrelevant so long as the output is:

Novel: they differ in meaningful ways from existing works.

Valuable: the outputs have aesthetic, functional, or cultural significance.

Not preprogrammed: there is stochasticity.

Al-Rifaie and Bishop (2014) proposed instead to talk about weak vs strong creativity, inspired
by the concept of weak vs strong Al.
Weak creativity (or computational creativity): systems that generate surprising or useful
combinations within a given domain.
Strong creativity: tied to human-like consciousness, intentionality, or social embedding,
which current Al lacks.
In this view, generative Al today shows weak/pseudocreativity, producing outputs that can be
useful and surprising but lack the intentionality and grounding of human creativity.

Despite this, several studies addressing Al
creativity have been published: in art, a
study by Samo and Highhouse showed that
humans struggle to tell Al-generated from
human-made images, but prefer the hu-
man ones; in science, Al has been found to
lack originality when it comes to scientific
hypotheses and discoveries, as Al generat-
ed fewer and less diverse hypotheses that
were more incremental than their human
counterparts. The authors suggest Al-as-
sisted creativity, where humans and Al col-
laborate, may be the way forward.

Artificial intelligence and

art: Identifying the aesthetic
judgment factors that
distinguish human-and
machine-generated artwork.

Generative Al lacks

the human creativity
to achieve scientific
discovery from scratch

Ivcevic and Grandinetti provide a critical
overview of Al-assisted creativity tools
across many contexts, from every day life
to professional scenarios, suggesting ways
in which Al might support creativity in ev-
ery day life. An important critique of Al cre-
ativity is that, because Al models often rely
on statistical patterns, they tend to repli-
cate commonly seen themes and motifs.

But even with this tendency towards cli-
chés, Al may help our creativity in several
ways: by helping us overcome creative in-
ertia (writer's block), helping us draw from
other domains, and scaffolding our ideas.
Curation and editing are also creative pro-
cesses, as seeing what is not quite right can
elucidate what is, making creative friction
with Al models also conducive to creativity.
Al can act as a partner, offering variations,
extensions, or creative constraints while
leaving room for user interpretation. In sum,
Al tools can quickly generate ideas, provide
feedback, and reduce technical burdens,
thereby helping people focus on high-
er-level creative decisions. This requires
“steerable” systems that let users adjust
parameters and curate outputs. For this,
we require novel interaction paradigms, like
participatory sense-making, where users
interpret and influence Al's contributions. Al
should be designed to empower authen-
tic and meaningful human engagement in
creativity.

Artificial intelligence as
a tool for creativity

[
- Extending human
creativity with Al
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A recent study looked at how Al could
help students of Marketing, Manage-
ment, and Entrepreneurship and found
moderate improvements in  creativ-
ity only for students in marketing.
A meta-analysis found that generative Al
generally has a small-to-moderate posi-
tive impact on creativity, especially for di-
vergent thinking tasks like brainstorming,
while effects on convergent thinking and
creative quality are weaker or mixed. In
particular, they found benefits for laypeople
using GenAl for creativity and human-Al
collaborations outperformed Al-only set
ups, but in some cases, Al collaboration
hindered human creativity. Creative gains
are strongest when systems provide trans-
parency, adjustable parameters, and iter-
ative feedback, though risks such as idea
homogenization, over-reliance, and re-
duced human engagement remain, and
long-term impacts are still unclear.

|
Generative Al and
Creativity: A Systematic
Literature Review and
Meta-Analysis
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Intellectual Property

The question of Al creativity also brings about
important legal and philosophical debates,
both when the machine is the creator and
when the machine learns from human data.
While the matter of who owns Al-generated
content is regulated by the terms and con-
ditions of the model, artists and creators who
want to opt out of having their work used to
train Al models face a complex and evolving
situation. Human creations like books, arti-
cles, comments, music and beyond, are key
ingredients in Al model development; for Al
models, they are training data that is defin-
ing of the model. Legally, artists hold copy-
right over their creations, which means using
their work to train Al models without permis-
sion could be an infringement (for exam-
ple, Anthropic recently paid $1.5bn dollars
to settle a lawsuit for using pirated books to
train their Claude models). However, current
EU regulation has been criticised for pro-
tecting Big Tech over European creatives,
as it includes an exception for the purpos-
es of data mining (similarly, in the Anthropic
case which was tried in the US, it was the use
of pirated work that was forbidden, not the
use of copyrighted work more generally).
Some artists can leverage terms of use or
licensing agreements where platforms allow
users to opt out of Al training, such as Get-
ty Images’ recent policies allowing photog-
raphers to exclude their work from training
data. However, there is currently no univer-
sal or standardized way for artists to opt out
across dll platforms and enforcement is dif-
ficult since web crawlers and data scrapers
may ignore these signals.

EU accused of leaving
‘devastating’ copyright
loophole in Al Act
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According to the EU Al Act, companies and developers of Al should adhere to existing copyright
law from 2019. Article 4(1) of the 2019 DSM Directive allows the use of copyrighted works for
“text and data mining.” However, a recent paper by Dornis and Stober (2024) argued that this
exception does not apply to generative Al as it does not only analyse the semantics of the work
but also learns to replicate it, and therefore that the EU should introduce additional protection
for creators. The authors argue works are reproduced (i.e. copied) during data collection for
training, as part of the model itself, and finally by end-users of the systems. While some mem-
bers of the EU Parliament have brought up the issues raised, it is unclear whether new legislation
will be introduced.
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Critical Thinking and the
Influence of Al on Reasoning

A study by Maurice Jakesch and colleagues
asked over 500 participants to write es-
says responding to the prompt: “Is social
media good for society?” Participants who
used biased Al assistants configured to be
either pro- or anti-social media were more
likely to adopt the assistant’s stance in their
written paragraphs. They also reported
holding that opinion afterward, compared
to those who wrote without Al aid. Crucially,
many participants did not perceive this as
external persuasion.

Co-Writing with
Opinionated Language
Models Affects Users’
Views

This study underscores how lan-
guage-based Al can influence intuitive or
subconscious reasoning, subtly steering
opinion through seemingly neutral assis-
tance. It prompts a broader reflection: as Al
becomes embedded in writing workflows,
to what extent are users losing agency over
critical thinking and self-expression?
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Concerns over the effect of Al on our cog-
nitive abilities are growing. A preprint by
MIT has also shown evidence that using
LLM writing assistants can accrue “‘cogni-
tive debt’, with participants using a writing
assistant having lower recall and weaker
neural activation than those using a search
engine or only their brain. In the coming
years, we can expect more research to ap-
pear investigating these effects. Emerging
research suggests that introducing prov-
ocations—brief prompts that critique or
question Al output—can help restore critical
engagement. In knowledge-work settings,
such interventions have been shown to
stimulate metacognition and reflection, en-
couraging users to think more deeply rath-
er than simply accepting Al suggestions.

Your brain on ChatGPT:
Accumulation of cognitive
debt when using an Al
assistant for essay writing task

‘It makes you think’:
Provocations Help Restore
Critical Thinking to Al-
Assisted Knowledge Work
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Emotions and Empathy in Al

Rosalind Picard, who coined the term affec-
tive Al, posits that emotion is crucial to real
Artificial Intelligence, as affect plays a key
role in human cognition. While it is broadly
accepted that Al systems are not sentient,
the role of emotion in Human-Computer
interaction has remained a vibrant area
of research. Affect in HCI is recognised as
valuable not only for creating more engag-
ing and user-friendly systems, but also for
improving communication, collaboration,
and accessibility. By designing interfaces
that can interpret and respond to users’
emotional states, researchers aim to make
technology more adaptive, empathetic,
and context-aware. This recognition has
led to the integration of affective comput-
ing (Affective computing is a multidisci-
plinary field at the intersection of computer
science, psychology, and cognitive science
that focuses on developing systems able to
recognize, interpret, process, and simulate
human emotions) principles into diverse
applications, from educational technolo-
gies that adjust feedback based on learner
frustration, to healthcare tools that monitor
emotional well-being.

However, affective Al raises a number of
ethical concerns due to its attempt to in-
fer internal emotional states from exter-
nal cues such as facial expressions, voice
patterns, and physiological signals. First,
its scientific grounding is shaky: while the
field has broadly relied on Paul Ekman’s
and Plutchik's work on the universality of
facial expressions, psychologist Lisa Feld-
man-Barrett's more recent work challenges
this showing that there is no universal way
of expressing emotions. Moreover, research
shows models display societal biases in
emotion attribution, risking exacerbat-
ing existing biases. Another issue is the
potential for manipulation if systems are
used to influence user behaviour based on
emotional states. The EU Al Act recognises
the ethical issues surrounding emotion Al
completely banning it in the context of work
and education.

Emotion Analysis in
NLP: Trends, Gaps and
Roadmap for Future
Directions

I
E E Angry Men, Sad Women:

Large Language Models
Reflect Gendered Stereotypes
E r in Emotion Attribution
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Al Empathy

Another important dimension of emotion
Al concerns how systems respond to user
emotions. In this domain, much of the field
has centred on demonstrating empathy,
often operationalised as validating the us-
er's emotional state. Studies have shown
that chatbot responses are sometimes
perceived as more ‘empathetic” than those
fromm human doctors or therapists. Yet such
interactions lack the embodied, socially
embedded context that characterises gen-
uine human empathy. This results in an il-
lusion of support, but these systems neither
feel nor care; they simply predict language
patterns that users interpret as caring.
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Current models tend to amplify positive
emotions and soothe negative ones re-
gardless of the emotion’s object, which can
be problematic when the positive affect
is tied to harmful or misguided intentions.
For instance, in 2021 a man attempted to
murder Queen Elizabeth Il after a chatbot
validated his pride—an example of the sy-
cophancy observed in LLMs. Public attitudes
towards Al empathy are also mixed: while
some users embrace machine-generated
emotional responses, others react strongly
against them, as seen in the backlash over
using ChatGPT to compose condolence
messages. Such incidents highlight an on-
going tension between usefulness and the
discomfort many feel when emotional la-
bour is delegated to and performed by
machines.

Large language
models and empathy:
systemaittic review

|
E E How a chatbot

encouraged a man who
wanted to kill the Queen

|

Vanderbilt University
apologizes for using
ChatGPT to write
mass-shooting email
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Sociolinguistics and Changes

in Human Language

Linguistic diversity presents both a chal-
lenge and an opportunity for Al.

This creates a language bias that leaves
less-resourced and minority languag-
es underrepresented and results in low-
er-quality performance for speakers of
those languages.

I
Languages used
on the Internet -
Wikipedia

The challenges in addressing this include
data scarcity for minority or endangered
languages, uneven or limited quality of
available data, technical difficulties in
building models that handle multiple lan-
guages effectively, and ethical concerns
around respecting language communities
and their rights. Despite these obstacles,
researchers are actively working to improve
linguistic diversity in Al by collecting better
datasets for underrepresented languages,
creating multilingual models that leverage
knowledge transfer from high-resource to
low-resource languages, collaborating with
native speakers to ensure respectful rep-
resentation, and developing smaller, spe-
cialized models for particular languages or
dialects. Al can preserve endangered lan-
guages through documentation, generate
resources for under-resourced communi-
ties, and foster multilingual interaction at
an unprecedented scale. Al could act as
both an archivist and a catalyst for linguis-
tic diversity, provided that its development
and deployment actively prioritise such
goals.

Intesa Sanpaolo Innovation Center



https://en.wikipedia.org/wiki/Languages_used_on_the_Internet
https://aclanthology.org/2024.acl-long.415.pdf
https://www.bbc.com/news/technology-67012224
https://edition.cnn.com/2023/02/22/tech/vanderbilt-chatgpt-shooting-email

06 / Personal and Cultural Impact of Language Technologies

The Great Al Linguistic
Flattening?

There is also the question of how lan-
guage-based Al can shape language evo-
lution. With everyday use, Al systems may
normalise particular syntactic patterns or
word choices, subtly guiding stylistic choice.
For example, LLMs have shown preference
towards borrowed terms over native words,
and words like “delve’. There have already
been some reports of human adopting a
“GPT accent’, albeit not yet peer-reviewed.
Beyond word choice, writing assistants may
influence even how we talk about ourselves
and what topics we choose to mention.

The Great Language
Flattening

Al and the great
linguistic flattening

Al Writing Assistants
Influence Topic Choice
in Self-Presentation

The question is whether these shifts repre-
sent healthy linguistic evolution or a nar-
rowing of expressive range. Al systems are
optimised for clarity, neutrality, and polite-
ness but they may also filter out the idiosyn-
crasies that make language culturally rich.
In the worst-case scenario, over-reliance

Intesa Sanpaolo Innovation Center

on Al could lead to a kind of stylistic flat-
tening, where diversity gives way to a ho-

mogenous, model-mediated  “default’

voice but there is not enough research to
understand this yet. Among media reports
of increasingly LLM-like language, a recent
preprint analysed hundreds of thousands
of hours of Youtube videos and found a
sharp increase in words that are over gen-
erated by chatGPT after its release. Anoth-
er preprint has shown that LLM corrections
remove stylistic markers, diminishing lin-
guistic diversity. Only time will tell what the
real effect on linguistic diversity will be, as
personal style and community language
evolve with different communicative and

social goals than other types of language
(e.g. academic writing where precision is
paramount).

L]
You're Not Imagining
It. People Actually Are
Starting To Talk Like
ChatGPT

L]

Empirical evidence of
Large Language Model's
influence on human
spoken communication

I

The shrinking landscape
of linguistic diversity

in the age of large
language models
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Conclusion

From cave paintings to novels, language is
a mirror of our identities, emotions, and cul-
tures. The rise of language-based Al con-
fronts us with both exhilarating possibilities
and profound questions. These tensions are
not unique to our era, every major commu-
nication technology has sparked fears of
loss and hopes of enrichment. As we navi-
gate the fifth industrial revolution, our chal-
lenge is not merely to safeguard language
as it is, but to shape what it becomes.
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In 1960 J.C.R. Licklider envisioned a part-
nership between scientist and machine,
where humans could pose a question and
the machine could scan through massive
amounts of data, surfacing patterns and
theories. In this vision, machines nurtured
human curiosity and empowered knowl-
edge creation and innovation. At the core
of this interaction, language is more than
data, it is a tool to express, develop and
record new knowledge. Licklider's vision
remains influential, guiding the futures we
envision for Al today.

[w] ===

; Man—-Computer
Symbiosis. IRE
Transactions on Human

Factors in Electronics

Nowadays, Al occupies multiple roles si-
multaneously: as a tool, it augments hu-
man pattern-spotting capabilities; and as
an interaction medium, it structures and
enables communication among individ-
uals, groups and machines, transforming
how we interact.

a collaboration medium

[
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Through the framework of Al's collabora-
tive roles, this chapter examines the fu-
ture of language and interaction and how
cutting-edge developments can bring
us closer to Licklider's vision. By consid-
ering frontier technologies like embodi-
ment, neurosymbolic Al, and quantum NLP,
and new Al-driven interaction media like
brain-computer interfaces and Al medi-
ation, we map out how Al might influence
innovation and collaboration in the future.
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JAl Breaking Through Barriers:

Al does Language

Despite their fluency, today’s systems still
fall short of true language mastery. They
simulate reasoning, but struggle with plan-
ning, pragmatic nuance, irony, and cultural
grounding. These are crucial communica-
tive aspects that limit Al's use. These mod-
els are also resource-hungry, both in terms
of data and energy consumption.

Models continue

o grow in size, but

heir core weaknesses
persist, suggesting that
he transformer-plus-

next-token-prediction
paradigm may be

nearing exhaustion

-

I

In Chapter 2, we saw how Al is taking on new
communicative roles both as interlocutor
and a medium and Chapter 3 introduced
the beginnings on machine language. Here,
we explore frontier technologies that have
the potential to redefine interaction and
communication in the future.

Multimodal and Embodied
Interaction

A key drawback of statistical models is
their lack of grounding to the real world:
words are defined in terms of their context,
not linked to a real object like they are for
humans. Grounded models focus on the
symbol grounding problem: connecting
abstract representations to real-world per-
ceptions, true understanding. Multimodal
models begin to address this by linking text
to images, but remain shallowly grounded.

Grounding symbols in perception is diffi-
cult because symbols are abstract, and
discrete, while sensory input is contin
uous and noisy. An agent has to recog-
nize that the same word (e.g., “apple’) can
apply to many different appearances, link
meaning across modalities, and use con-
text to resolve ambiguity. Meaning is also
socially shaped, so an agent must adapt
while still acting reliably.

E—

A call for embodied Al

Intesa Sanpaolo Innovation Center

131



https://worrydream.com/refs/Licklider_1960_-_Man-Computer_Symbiosis.pdf
https://raw.githubusercontent.com/mlresearch/v235/main/assets/paolo24a/paolo24a.pdf

07 | Frontier Scenarios and Future Trends

One way to achieve grounding is through
embodiment. Embodied Al (E-Al) refers to
agents with bodies that perceive, act and
learn in interaction with the world. Work
attempting to create embodied LLMs is
emerging but significant challenges re-
main, with lacking hardware, benchmarks
and methodologies.

|
Foundation Models Meet
Embodied Agents

THE SYMBOL @
GROUNDING PROBLEM

Words are arbitrary symbols: there is no
naturally existing connection between
the word apple (the symbol) and an
apple (the referent), we must create
and learn it. Language grounding is
the process of connecting words, or
phrases to their real-world meaning,
so that they're not just abstract, mean-
ingless tokens. These symbols and
meanings are socially agreed upon to
give rise to language.

The symbol grounding problem, for-
malised by Stevan Harnad in 1990, asks:
How do arbitrary symbols (like words)
acquire meaning in our minds? Hu-
mans ground language in perception,
action, and experience (e.g., we know
what “water” means because we have
seen, felt and drunk it). The mind acts
a medium through which a symbol
and the referent are connected. Har-
nad compares ungrounded language
to learning Chinese only through a Chi-
nese dictionary, entering an endless
loop of looking up definitions without
ever truly understanding.
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Neurosymbolic Al

A notable problem with statistical models
is their lack of reasoning capabilities, which
makes them unreliable. Symbolic reason-
ing uses predefined rules and symbols to
reason and is the foundation of expert sys-
tems where reliability and explainability are
paramount. However, symbolic Al struggles
with scalability, handling uncertainty, and
adapting to complex, real-world scenarios,
as it relies on explicitly written norms. Neu-
ro-symbolic Al (NeSy) blends these two to ¢
ombine statistical flexibility with structured
reasoning.

NeSy has recently gained popularity as a
solution to resource-hungry and unreliable
statistical methods. It offers several advan-
tages over either paradigm: true reasoning,
generalization to rare cases, interpret-
ability, learning and reasoning from small
data, and transferability to new domains.
NeSy can also allow humans to question
and reliably intervene in decisions taken by
Al agents, better addressing the responsi-

bility gap.

Neurosymbolic Al
as an antithesis to
scaling laws

Is neuro-symbolic Al
meeting its promises

in natural language
processing? A structured
review

1,
l\

NEUROSYMBOLIC
Al (NESY)

NeuroSymbolic Al (NeSy) refers to Al
systems that combine neural meth-
ods (like deep learning) with symbolic
methods (logic and rules) to balance
the pros and cons of each:

Neural models excel at learning from
raow data and can generalise to cases
unseen during training but are unreli-
able

Symbolic models excel at structured
reasoning and reliability, but cannot
generalise

There are a number of NeSy architec-
tures (ways of combining the two) de-
pending on how the components are
set up. For example, DeepMind’s Alpha-
Go uses a neural pattern recognition
subroutine within a symbolic problem
solver — that is, a symbolic Al system
can ‘invoke” neural pattern recogni-
tion systems. Other systems have the
neural network as the driver, or use
symbolic reasoning to create a neural
network. Each one has strengths and
weaknesses and must be suitable for
the problem at hand.
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Applications include language under-
standing, robotics, and Al safety. In NLP, it
improves semantic parsing by combining
grammar rules with learned representa-
tions; in robotics, it integrates symbolic
planning with perception for more adapt-
able behavior; and in Al safety, it enables
more interpretable reasoning. Other do-
mains like healthcare and scientific dis-
covery are also being explored, though less
extensively.

A key challenge is that the integration of
neural and symbolic Al requires innovative
architectural designs and learning para-
digms. The question of how to seamlessly
integrate these components without dilut-
ing their respective strengths remains open.

One of the challenges faced by Al systems
today is language’s ambiguity, and the im-
portance of context in defining meaning.
This is a feature of language that makes
it more efficient. Instead of bits that are
either 0 or 1, quantum computers use qu-
bits which can be in multiple states simul-
taneously (known as superposition).

This allows models to maintain multiple
potential interpretations of a phrase until
surrounding context “collapses” the state
into a single meaning, mirroring human
disambiguation. Early work has shown
promise in tasks such as sentiment anal-
ysis, question answering, and translation.

- |
E E#_E_ E A gentle introduction

to quantum natural
language processing

QNLP is still experimental, facing significant
challenges to build stable, scalable quan-
tum computers. Approaches are limited to
small datasets and specific tasks, with only
a few models explored extensively, indicat-
ing the need for further research to scale
quantum NLP methods.

Quantum Natural Language
Processing: A Comprehensive

Review of Models, Methods,
and Applications

Researchers are testing various ways to
encode text into quantum states, each with
potential advantages (better meaning
capture, faster algorithms, secure trans-
mission) but also challenges (scaling, lack
of proof, limited testing).

Because today’s quantum computers are
small and limited, current approaches
combine classical machine learning with
small quantum routines to yield more ef-
ficient hybrid models. The long-term hope
is that, as quantum hardware improves,
QNLP could make language models more
efficient, scalable, and accurate and sug-
gesting optimism for the future of lan-
guage-based interaction with Al.

Can we leverage structures already op-
timised for language and perception? In
March 2025, Cortical Labs unveiled CLI, the
world's first commercially available biologi-
cal computer integrating lab-grown human
neurons with silicon hardware. Neurons
form dynamic, learning-capable networks
through real-time electrical interactions. A
specialized operating system, biOS, manag-
es communication between the biological
tissue and digital systems, while a sophis-
ticated environment keeps the neurons
viable. The system is orders of magnitude
more efficient than GPU-based hardware.

|
Human Brain Cells
on a Chip for Sale

The potential applications are wide-rang-
ing. While it has not yet been used in NLP
tasks, earlier prototypes like Cortical Lab’s
DishBrain demonstrated that networks of
neurons could learn to play Pong through
stimulus and reward, a promising result. Its
extreme energy efficiency makes it espe-
cially intriguing as an alternative to con-
ventional hardware.

But there are challenges to overcome. Neu-
rons survive only for some months in cul-
ture, and memory cannot be transferred
between cell populations. The question of
whether such systems could ever devel-
op sentience has also sparked ethical de-
bates. Finally, programming networks of
living neurons is unlike programming in any
traditional sense, and scaling these sys-
tems to compete with digital architectures
remains uncertain.
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Our “wetware’, our neurons and synapses,
anchors our words to experience. If neu-
rons were grown in a petri dish instead of
in a body, could they ever understand lan-
guage? If language fundamentally reflects
our interaction with the world, what would
the ‘world’” of such isolated neural tissue
look like, and might it develop its own form
of language? Linguistic meaning is not
purely abstract but intimately tied to the
living systems that experience, interpret,
and produce it, will we be able to under-
stand?

Together, these approaches — language
grounding, NeSy, QNLP, and wetware—
point toward a future where Al more closely
mirrors the flexibility, and depth of human
language use, enabling richer collabora-
tion between humans and machines and a
better understanding of humanity. Beyond
mimicking human language use, Al is be-
coming a medium through which we com-
municate.

Intesa Sanpaolo Innovation Center
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Al as a Communication Medium:

New Affordances

The affordances of Al-based media guide
how we interact and how language evolves
across diverse contexts, opening new doors
for human-human and human-Al collabo-
ration. New media like brain-computer in-
terfaces and Al-mediators hold the potential
to extend human expression in novel ways:

In recent years we have seen increasingly
“sci-fiesque” interaction media like Apple’s
Vision headset. Among the most striking de-
velopments at the frontier of HCI are brain-
computer interfaces (BCls), which enable
direct communication between the brain
and computational systems. These systems
have shown promise for restoring commu-
nication to people with paralysis, but they
are expected to become more mainstream
in applications such as entertainment and
wellness.

This brain implant lets a man
who lost his speech to ALS
produce natural-sounding
sentences instantaneously

From an interactive point of view, BCls face
important challenges. Language and culture
modulate mental representations of concepts
such time, body and space, which are highly
relevant for imagery used in training BCls and
limit their flexibility when it comes to speakers
of different languages. Moreover, mono- and
bilingual brains show structural differences in
the way information is processed that have
implications for the development of BCls.
What communication between BCls might
ultimately look like remains an open ques-
tion—and it may even bypass language alto-
gether, disrupting interaction.

BRAIN-COMPUTER
INTERFACES (BCIS)

Brain-computer interfaces (BCls) are
systems that create a direct communi-
cation pathway between the brain and
an external device.

BCls detect brain activity through EEG
and translate these signals into com-
mands that can control computers,
prosthetic limbs, wheelchairs, or other
devices. This can work in both direc-
tions: reading signals from the brain
(output BCIS) or sending information to
the brain (input BCIs). There are differ-
ent types of devices that range in terms
of how invasive they are, from EEG sen-
sors that sit on top of the head, to sen-
sors that are surgically implanted into
the brain tissue.

5
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Communication among large groups of
people becomes exponentially complex,
but Al could mediate and coordinate be-
tween hundreds and even millions of hu-
mans leading to collective intelligence. In
a recent pilot study on collective super in-
telligence from Hyperchat.ai, researchers
showed that swarm-inspired conversa-
tional intelligence, where Al agents medi-
ated between groups to enable effective
communication, improved performance on
a guessing task compared to individuals
and wisdom-of-crowds settings.

Towards Collective
Superintelligence, a pilot
study

While this work is in its early stages, scal-
ing collaboration in this way could open
the door to entirely new forms of collective
intelligence, where groups achieve under-
standing beyond the reach of any individ-
ual. More speculatively, BCls could enable
collective intelligence where networks of
connected brains share information direct-
ly. In such a world, the boundary between
individual and collective cognition could
blur, creating possibilities for shared con-
sciousness or “hive minds.”

These technologies are very experimental
and we are only beginning to explore what
Al-mediated communication might entail.
In this context, the links between language,
culture and cognition become even more
important. Navigating multilingual and
multicultural communication is not trivi-
al but miscommunication at such a scale,
and at such an intimate level, could have
serious, even catastrophic consequences.
This opens the door to the possibility of an
emerging meta-language, a sort of lingua
franca optimized not for human-to-human
communication, but for Al-mediated coor-
dination, similar to the representations de-
rived for NeSy.

I

Symbols as a lingua franca
for bridging human-Al chasm
for explainable and advisable
ai systems

Al as a medium also brings about import-
ant ethical questions surrounding human
dignity, personhood and autonomy, user
safety, privacy and security, responsibility,
research ethics, and social justice that will
need to be resolved before these technolo-
gies can be adopted.

Understanding the ethical
issues of brain-computer
interfaces (BCIS): a blessing or
the beginning of a dystopian
future?

YouTube secretly used Al
to edit people’s videos. The
results could bend reality

In 2024 two Nobel Prizes in Physics and
Chemistry were awarded to Al-based dis-
coveries, highlighting its contributions to
research and innovation and the future of
science. This marks a major step towards
Licklider's vision of Al as a tool and partner
for innovation.

Humans are driven to innovate by curiosity,
the chance to improve our lives and social
needs like seeking recognition and collab-
oration. These needs and desires are not
present in Al. While Al excels at processing
vast datasets and surfacing correlations, it
cannot wonder about meaning, frame new
hypotheses, or pursue knowledge for its own
sake. Innovation arises from lived experi-
ence, values, and imagination, dimensions
that cannot be reduced to computation.
This distinction is crucial: while Al can ac-
celerate discovery, it does not replace the
uniquely human drive to ask why and what
if. Instead, the value lies in the collabora-
tive aspect, the combining of strengths. The
challenge ahead is to design this partner-
ship responsibly, ensuring that the symbi-
osis Licklider envisioned enhances human
agency rather than diminishing it.

Language sits at the heart of this collabo-
ration, serving simultaneously as medium,
a repository of accumulated knowledge,
the tool for expressing and developing new
ideas, and as an artefact of innovation it-
self. Where the Internet democratised ac-
cess to knowledge, Al has the potential to
democratise its creation, empowering cu-
rious minds. How we develop and refine
these linguistic interfaces may determine
how effectively we can harness Al to am-
plify human curiosity and innovation.

Although there is growing excitement
around Al, we must bear in mind that this
technology is still in its early days. The dis-
course surrounding Al often centres around
Artificial General Intelligence (AGI) and
while these narratives can attract atten-
tion and investment, they also distort the
research ecosystem and carry wider social
risks as models are deployed before their
safety and reliability are ensured. With con-
cerns about a potential Al bubble rising, we
must focus on sustainable business mod-
els and real-world applications, maintain-
ing a balanced view of Al's strengths and
limitations, and building effective regula-
tory frameworks to guide its development.
Initiatives like Al Snake Oil can help non-ex-
perts critically assess Al claims, fostering a
more grounded public understanding.

It's missing something’:
AGlI, superintelligence
and a race for the future
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|

Can we trust ai
benchmarks? an
interdisciplinary review
of current issues in ai
evaluation

I

Al tools used by English
councils downplay
women'’s health issues,
study finds

|
E: %‘E Al as Normal

e Technology

Al's genuine progress in enabling rich-
er forms of human-machine interaction
should not be underestimated. Advances
in areas such as embodiment, QNLP, and
even biocomputing show how diverse ap-
proaches are being explored to push the
boundaries of what machines can do with
language. We must temper enthusiasm
with critical reflection, ensuring that our ex-
citement about breakthroughs is matched
by careful evaluation and ethical consid-
eration.
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If approached

|

By fostering collaboration between stake-
holders, we can build technologies that are
trustworthy, reliable, inclusive, and genu-
inely transformative.
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