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Abstract—The rapid rise of automation and artificial intelligence (AI)
has intensified the need for frameworks ensuring that technological
progress aligns with human meaningful work and well-being. In this
paper, we introduce the Master Work Function (MWF), a novel scalar
potential function that quantifies “meaningful work” in hybrid human–
machine systems. Drawing inspiration from physics, we formally define
the MWF and derive its properties, including a connection to the Jarzyn-
ski equality from nonequilibrium thermodynamics for relating work and
potential differences. We decompose the MWF into human, machine,
and interaction sectors with bounded contributions, and analyze limiting
cases (e.g. purely human or machine-driven work) and the interpretation
of its gradients as signals for optimal human–AI collaboration. Appli-
cations are discussed across engineering (human-centered design),
robotics (human–robot teaming), AI and cyber-physical systems (value-
aligned automation), education (AI-assisted teaching), and economics
(metrics for the future of work). Finally, we explore philosophical impli-
cations of the MWF, suggesting a redefinition of “work” that prioritizes
human flourishing, agency, and value alignment in an increasingly auto-
mated world. The MWF provides an interdisciplinary bridge linking math-
ematical rigor with ethical imperatives to ensure technology enhances
rather than erodes meaningful human work.

Index Terms—Meaningful work, human–machine collaboration, scalar
potential, Jarzynski equality, value alignment, human-centered design

1 INTRODUCTION

WORK has a dual significance: in physics it denotes
a transfer of energy, while in human terms it rep-

resents purposeful activity often tied to personal and so-
cial value. The advent of advanced automation and AI
raises the question of how to preserve and enhance the
meaningfulness of work in an era where machines perform
an increasing share of tasks. Historically, thinkers have
warned of the risks of technology rendering human labor
devalued or devoid of purpose. Norbert Wiener, the fa-
ther of cybernetics, cautioned that an automatic machine
is “the precise economic equivalent of slave labor” and that
any human labor in competition must accept similar con-
ditions8203;:contentReference[oaicite:0]index=0, potentially
leading to severe unemployment and loss of dignity. Karl
Marx’s theory of alienation similarly described how, under
exploitative conditions, work can lose its meaning for the
worker, becoming merely a means of survival rather than
self-realization. In contrast, political philosophers like John
Rawls envisioned that a just society should enable meaning-
ful work for all its members. For example, Rawls observed
that people desire “meaningful work in free association with

others” [3]. He argued that no one should be forced to
perform only “monotonous and routine occupations which
are deadening to human thought and sensibility” [4]. These
perspectives underscore that the quality and purpose of
work are central to human well-being and justice.

However, ensuring that technological progress aligns
with these human values is a complex interdisciplinary
challenge. Today, automation is accelerating across domains:
in manufacturing and engineering, robots and algorithms
increase efficiency; in transportation and safety-critical sys-
tems, autonomous agents work alongside humans; in ed-
ucation, intelligent tutoring systems support teachers and
students; in economies worldwide, AI threatens to displace
jobs even as it creates new opportunities. There is a pressing
need for theoretical frameworks and practical tools to guide
the integration of machines in the workforce such that
meaning is not sacrificed for mere productivity. The concept
of meaningful work lacks a rigorous formulation that can
be applied in engineering or AI design, making it difficult
to quantitatively balance human fulfillment against other
metrics.

In this paper, we propose a unifying framework to ad-
dress this gap: the Master Work Function (MWF). The MWF
is introduced as a scalar potential function defined over the
state space of a human–machine collaborative system. Intu-
itively, it measures the potential for meaningful work output of
the combined system, analogous to how a potential energy
function measures stored energy that can be converted to
work in physical systems. By formalizing meaningful work
as a scalar field, we make it amenable to mathematical
analysis and engineering optimization. We show how the
MWF can be decomposed into contributions from human
and machine “sectors” and their interaction, enabling one to
identify when technology supplements human capabilities
or inadvertently undermines them.

Using tools from thermodynamics, we draw an anal-
ogy between meaningful work in socio-technical systems
and energy in physical systems. In particular, we leverage
Jarzynski’s equality from statistical mechanics to relate the
distribution of actual work performed (which may include
inefficient or less meaningful efforts) to the ideal difference in
the Master Work Function between two states. This provides
a novel link between the variability of real work processes
and the theoretical maximum meaningful outcome, offering
insight into how much “meaning” is lost or gained in
human–AI collaborations.
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The contributions of this work are organized as follows.
In Section II, we develop the mathematical foundation of the
Master Work Function, including its formal definition and
properties, and derive its connection to Jarzynski’s equal-
ity. Section III introduces a sectoral decomposition of the
MWF into human, machine, and interaction components,
with a discussion of bounded potentials and the role of a
coupling term. Section IV examines special limiting cases
(such as fully human-driven or fully automated scenarios)
and interprets the gradients of the MWF, providing guid-
ance on optimizing the allocation of work between humans
and machines. Section V explores applications across var-
ious domains—engineering design, robotics, AI systems,
cyber-physical infrastructures, education, and economics—
illustrating how the MWF can guide practical efforts to
integrate automation while preserving meaningful human
involvement. In Section VI, we discuss the broader philo-
sophical implications of adopting the Master Work Function
framework: how it could redefine the concept of work,
promote human flourishing and agency, and contribute to
aligning advanced AI systems with human values and eth-
ical principles. Finally, we conclude with reflections on fu-
ture research directions, including how this scalar potential
might be quantified empirically and embedded into design
processes for emerging technologies.

2 MATHEMATICAL FOUNDATION OF THE MASTER
WORK FUNCTION

2.1 Formal Definition and Properties
We define the Master Work Function (MWF), denoted W ,
as a real-valued scalar function on the state space of a
human–machine system. Let x represent the state of the
joint system, which in general can be described by variables
capturing the human’s state or actions (denoted h) and
the machine’s state or actions (denoted m). For example, h
might encode the human operator’s level of engagement,
skill utilization, or task load, while m might encode the
machine’s level of autonomy, performance metrics, or task
allocation. Then W(h,m) maps each configuration (h,m) to
a scalar that represents the potential for meaningful work in
that configuration. Higher values of W indicate states of the
system in which more “meaning” or value is being realized
through work, considering both human fulfillment and task
effectiveness.

Formally, we can state:

Definition 1 (Master Work Function). Consider a human–
machine collaborative system with state space X = H × M,
where H and M are the respective state spaces of the human
and machine components (including their interaction context). A
Master Work Function is a scalar field W : X → R such that
for any two states x1, x2 ∈ X , the difference ∆W = W(x2) −
W(x1) represents the net change in meaningful work potential
when the system transitions from x1 to x2.

In other words, W plays a role analogous to a potential
energy or utility function: differences in W correspond to
gains or losses in the capacity for meaningful work. A high
value of W in a given state suggests that the configuration
of human and machine is such that the human is engaged,
effective, and finding value in the work, and the machine is

contributing in a complementary way. A lower value would
indicate that either the human is underutilized, performing
menial tasks, or is overwhelmed and the machine is not
effectively supporting, etc., resulting in less meaningful
output or experience.

We assume W(h,m) is sufficiently smooth (differen-
tiable) with respect to its parameters so that one can discuss
its gradient and other analytical properties. In a continuous
setting, one can interpret the differential dW as:

dW =
∂W
∂h

dh+
∂W
∂m

dm,

where the partial derivatives ∂W/∂h and ∂W/∂m quantify
the marginal change in meaningful work potential due to an
infinitesimal change in the human or machine state, respec-
tively. These can be thought of as generalized “forces” or
incentives: for instance, ∂W/∂h might represent how much
increasing the human’s involvement in a task (e.g., taking
on more decision-making responsibility) would increase the
overall meaningful outcome, all else equal.

A central idea in defining W is that it should be path-
independent under ideal conditions. This means that if the
system moves from an initial state x1 to a final state x2,
the net change ∆W is fixed, regardless of the trajectory or
process taken between those states, as long as no outside
dissipation of meaning occurs. This is analogous to a conser-
vative field in physics (e.g., gravitational potential), where
the work done is independent of path. In practical terms,
achieving path-independence would mean that if one re-
configures a human–machine team from one arrangement to
another, the total gain in meaningful work potential should
depend only on the initial and final arrangements, not on
the specific way tasks were transferred or rearranged during
the transition, provided the process is reversible and does
not involve loss of human motivation or other irrecoverable
effects.

Of course, not all processes in human–machine collab-
oration are ideal. In many cases, changes involve transient
inefficiencies or irreversibilities (for example, a poorly man-
aged automation rollout might temporarily reduce workers’
sense of purpose before they adapt, or training a human
to use a new AI system might incur a short-term cost in
frustration). These real-world phenomena can be thought
of as analogous to friction or dissipation, which make the
process path-dependent (the order and manner of changes
matters). To account for this, we turn to a powerful result
from nonequilibrium thermodynamics, adapting it to our
context.

2.2 Connection to Jarzynski’s Equality

In thermodynamics, the Jarzynski equality is an equation that
relates the work done on a system in a nonequilibrium pro-
cess to the free energy difference between two equilibrium
states8203;:contentReference[oaicite:3]index=3. It provides a
way to exactly compute a change in a state function (free
energy) from an ensemble of nonequilibrium trials, even
when each trial is irreversible. Mathematically, Jarzynski’s
equality is: 〈

e−W/(kBT )
〉
= e−∆F/(kBT ), (1)
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where W is the work performed on the system in a given
trial (a random variable if the process is stochastic), kBT
is the thermal energy (with T temperature and kB Boltz-
mann’s constant), and ∆F is the free energy difference
between final and initial states. The angle brackets denote an
expectation over many repeated realizations of the process.
Equation (1) implies ∆F = −kBT ln⟨e−W/(kBT )⟩. An im-
portant corollary is that ⟨W ⟩ ≥ ∆F (by Jensen’s inequality),
i.e. on average it takes at least as much work as the free
energy change, with equality only in the reversible (ideal)
limit8203;:contentReference[oaicite:4]index=4.

We draw an analogy between this thermodynamic sce-
nario and the human–machine work context. The Master
Work Function W plays a role analogous to negative free
energy (since higher W means a more favorable, higher-
potential state in terms of meaningful work, akin to lower
free energy being more favorable in physics). Meanwhile,
the actual work performed during a transition in our context
can be thought of as the actual efforts and adjustments made
by human and machine, which may not all contribute effec-
tively to increasing meaningful output. Some of those efforts
could be “wasted” or even detrimental (for instance, time
spent by a human doing unnecessary micromanagement
of an AI system, or the machine performing tasks that the
human finds redundant or demotivating).

Formally, consider a transition of the system from an
initial state x1 = (h1,m1) to a final state x2 = (h2,m2). Let
∆W = W(x2) − W(x1) be the change in the Master Work
Function (this is the theoretical gain in meaningful work
potential if the transition were done ideally). Now consider
actually implementing this transition in a particular way
(a particular process or trajectory). Define Wexpended as the
actual “work expended” in a broad sense: this could be
measured in terms of human effort (time, cognitive load)
plus machine effort (computational or physical work) put
into reconfiguring tasks, retraining, etc., that contributes to
changing the state. In general, Wexpended will exceed ∆W if
there are inefficiencies. For example, if the process is poorly
managed, a lot of effort might be spent with little increase
in meaningful outcome (making Wexpended larger while ∆W
remains fixed).

Adapting Jarzynski’s reasoning, we can propose an ana-
log of Eq. (1) for our socio-technical system:〈

exp
(
− Wexpended

K

)〉
= exp

(
− ∆W

K

)
. (2)

Here K is a positive normalization constant playing a role
akin to kBT (it could represent the “behavioral tempera-
ture” or variability in the system, or simply be a scaling
factor to make the exponent dimensionless). The interpre-
tation of Eq. (2) is that if one repeats the transition from
x1 to x2 multiple times (perhaps each time with different
strategies, different human moods or machine stochastic
behaviors), and computes the quantity e−Wexpended/K for
each trial, the average of this quantity will be e−∆W/K . This
equality would allow, in principle, the determination of the
meaningful work potential difference ∆W by conducting
many trials of a potentially far-from-optimal process.

The practical relevance is as follows: even if it is hard to
achieve an ideal, reversible change that directly measures
∆W , one can still estimate ∆W by sampling outcomes.

For instance, suppose we are introducing a new AI tool
into a workplace (transitioning the state of the human-
machine system from one without the tool to one with it).
Different teams or trials might implement this introduc-
tion differently, with varying levels of success and wasted
effort. If we could measure a proxy for Wexpended (e.g.,
the training time, productivity loss during onboarding,
changes in employee engagement surveys) for each trial,
and then compute the left-hand side of Eq. (2), it should
give us exp(−∆W/K). Taking the negative logarithm (and
multiplying by K) would yield ∆W . This is analogous
to how Jarzynski’s equality is used experimentally to find
free energy differences by repeated nonequilibrium experi-
ments8203;:contentReference[oaicite:5]index=5.

We note that Eq. (2) is speculative in our context;
its exact validity would depend on modeling the
human–machine transition as a stochastic process
satisfying certain properties (e.g., Markovian dynamics
with ergodicity). Recent theoretical work has extended
fluctuation theorems like Jarzynski’s to very general
systems, including discrete decision-making pro-
cesses8203;:contentReference[oaicite:6]index=68203;:contentReference[oaicite:7]index=7.
In particular, versions of Jarzynski’s equality have
been derived for abstract Markov chains and
even used to describe human learning dynam-
ics8203;:contentReference[oaicite:8]index=8. This suggests
that the analogy is more than metaphorical: one can treat
the evolution of a human–AI system as a series of state
transitions with associated ”work” costs and apply similar
mathematics. Hack et al. [2] demonstrated Jarzynski’s
equality in a decision-making context, indicating that
W could, under appropriate definitions, be grounded in
measurable quantities.

Even without assuming the strict truth of Eq. (2), the
spirit of the Jarzynski equality gives us useful insight: it
guarantees that ∆W ≤ ⟨Wexpended⟩, with equality only if
the process is lossless in terms of meaningful work (no frus-
tration, no wasted effort). This becomes a design guideline:
any time we introduce automation or reallocate tasks, we
should strive for a process that minimizes Wexpended for a
given ∆W , i.e., minimize the collateral negative impacts on
meaningfulness. If the process is highly irreversible (lots of
inefficiency or initial drop in morale), it means we are far
from the ideal and we can quantify that gap.

In summary, the Master Work Function provides a state
function for meaningful work, and the Jarzynski equality
suggests a principle for connecting the measurable work
done (including losses) to the ideal gain in that state func-
tion. This hybrid of concepts from physics and human
factors forms the theoretical backbone for the more applied
discussions to follow. Next, we break down W into com-
ponents attributable to the human, the machine, and their
interaction.

3 SECTOR DECOMPOSITION OF WORK POTEN-
TIAL

A key strength of the MWF framework is that it can be
decomposed to analyze the contributions of different “sectors”
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of the human–machine system. We propose that the total
meaningful work potential can be expressed as:

W(h,m) = WH(h) +WM (m) +Wint(h,m), (3)

where WH(h) is the component of the work function at-
tributable to the human alone (the human sector’s poten-
tial), WM (m) is the component attributable to the machine
alone (the machine sector’s potential), and Wint(h,m) is an
interaction term capturing the coupling between human and
machine.

Equation (3) mirrors forms common in energy functions
of multi-component physical systems, where one often sep-
arates self-energy terms and interaction energy. Here, WH

and WM represent the meaningful work potential each
agent could contribute independently, while Wint represents
the additional effect (which could be positive or negative)
that arises only when the agents are working together.

The decomposition provides clarity in analysis:
- WH(h) might be interpreted as a measure of how

meaningfully engaged the human is when considered in
isolation. It would increase when the human is undertaking
tasks that utilize their skills, creativity, and autonomy, and
decrease when the human is idle or doing purely menial
tasks. Importantly, WH would have an upper bound re-
flecting human limitations (time, cognitive capacity) and
perhaps diminishing returns – a single human can only
derive or produce so much meaningful work in a given
period.

- WM (m) analogously measures the machine’s stan-
dalone contribution to meaningful work. This could cor-
relate with classic performance metrics (speed, accuracy,
throughput) but adjusted for how those contributions serve
meaningful ends. For instance, a machine that performs
repetitive tasks reliably contributes to meaningful work by
freeing humans from drudgery. However, WM too may be
bounded if, say, beyond a point the machine’s faster or more
efficient work doesn’t translate to additional meaningful
outcomes (perhaps producing beyond what humans can
make use of at any time).

- Wint(h,m) captures synergy or interference. If the hu-
man and machine are complementary (each makes the other
more effective or more satisfied), Wint will be positive. If
there is friction (the human and machine get in each other’s
way, or the presence of one diminishes the contribution of
the other), Wint will be negative. In an ideal partnership,
Wint is large and positive, indicating that the joint system
achieves more meaningful work than the sum of its parts.
In a poorly designed partnership, Wint could be negative,
meaning the whole is less than the sum, due to misalign-
ment.

Figure 1 illustrates this decomposition schematically.

Human sector WH(h)

Interaction Wint(h,m)

Machine sector WM (m)

Σ

WHWM

Wint Wtotal

Fig. 1. Sector decomposition of the Master Work Function into human,
machine, and interaction contributions, as in Eq. (3).

This breakdown allows us to reason about design trade-
offs. For instance, introducing a machine to assist a human
might dramatically increase WM (because the machine can
take on tasks), but it could decrease WH (if the human’s
role becomes less engaging) and also introduce a negative
Wint (if coordination is awkward). The net effect Wtotal could
be an increase or a decrease depending on these terms.
Equation (3) makes explicit that to improve the total, one
should seek not just to maximize machine contribution, but
to also keep the human’s contribution high and foster a
positive interaction term.

Both WH and WM are inherently bounded. A human
has only so many hours in a day and only so much energy
and cognitive bandwidth. Similarly, a machine has finite
capacity (even if very high throughput, eventually there is
saturation or the outputs become less valuable). By contrast,
the interaction term Wint could in theory be positive with-
out bound if scaling up collaboration yields multiplicative
benefits, but often synergy also faces limits. For example,
adding too many machines to work with one human can
overwhelm the human (turning synergy into interference).
Likewise, one machine assisting many humans might be-
come a bottleneck. Thus, Wint often will have an optimal
range of h and m where it is maximized, and can decline
outside that range.

To make this more concrete, consider a simple illustrative
model. Suppose a human’s independent meaningful output
can be modeled as WH(h) = A ln(1+h), where h could rep-
resent the number of distinct high-skill tasks the human per-
forms or some measure of engagement, and A is a positive
constant. This function grows with h but with diminishing
returns (logarithmic shape), reflecting that a human who is
involved in too many things might start to be overstretched
and each additional task yields less satisfaction or quality.
Likewise, a machine’s standalone contribution might be
WM (m) = B ln(1 + m) for some constant B, if m is e.g.
the number of routine tasks automated, with diminishing
returns when all easy tasks are automated. Now let the
interaction term be Wint(h,m) = C ·h·m (for small h,m), in-
dicating that when the human and machine both contribute,
the total meaningful work increases roughly by an amount
proportional to the product of their involvement (a simple
synergy term). Here C could be positive for complementary
interactions or negative if the interaction mostly creates
overhead. In such a model, for fixed A,B,C, one could
analytically find the combination of h and m that maximizes
W . If C > 0, the optimum is typically at an interior point
where both h and m are non-zero (both human and machine
active). If C < 0 (they detract from each other), the optimum
might be a boundary: either h or m goes to zero (one agent
does all the work while the other withdraws).

While the above model is oversimplified, it demonstrates
how the MWF framework allows exploring scenarios. It
also highlights that the interaction design is crucial: our aim
should be to maximize Wint (make human and machine
truly complementary) or at least keep it non-negative, while
also ensuring WH remains high (humans stay meaningfully
engaged) even as WM increases.

In practice, designing for a positive Wint might involve
investing in user interfaces, training, and task allocation
strategies that enable smooth teamwork, and avoiding situ-
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ations where machines bypass or undermine human agency.
A negative Wint could indicate, for example, that a poorly
designed automation system is causing the human to spend
more time correcting machine errors (thus the interaction
term subtracts value).

The next section will consider extreme cases of this
framework (such as no human or no machine involvement)
and how to interpret the gradients of W , which yield further
insights into optimizing human–machine collaboration.

4 LIMITING CASES AND GRADIENT ANALYSIS

4.1 Limiting Cases of Human–Machine Collaboration
The Master Work Function framework can be examined in
several informative extreme cases to validate its behavior
against intuitive expectations:

Case 1: No machine involvement (m = 0).: In this
scenario, Wint(h, 0) would be zero (since the machine con-
tributes nothing to interact with), and W(h, 0) = WH(h) +
WM (0). We can define WM (0) = 0 without loss of gen-
erality (a machine that is absent or inactive contributes no
work). Thus W(h, 0) = WH(h). This reduces the framework
to a purely human work potential. The shape of WH(h)
should capture, for example, that as h (the human’s effort
or scope) increases from 0, W rises (the human is doing
more meaningful work), until it plateaus or even decreases
if h exceeds human limits (burnout or the tasks become too
routine and lose meaning). This case aligns with common
sense: the master work function equals the human’s per-
sonal meaningful output when no machine is present.

Case 2: No human involvement (h = 0).: By sym-
metry of reasoning, when the human is not involved,
W(0,m) = WH(0) + WM (m). We take WH(0) = 0 (a
human contributing nothing adds no meaningful work).
Then W(0,m) = WM (m). This represents a fully automated
system with no human input. WM (m) will initially grow
with m but eventually reflect the limitations of machine-
only work. Notably, certain dimensions of “meaning” (such
as empathy, creativity or value judgment) might be low or
zero if h = 0, so WM would typically not achieve the same
kind of meaning as a human-involved process, even if out-
put is efficient. This scenario corresponds to a world of total
automation; whether it yields high meaningful work output
depends entirely on how we define machine contributions
to meaning.

Case 3: Full human–machine collaboration (h > 0,
m > 0 with strong synergy).: In the ideal collaborative
scenario, both h and m are significant and Wint(h,m) is
positive and maybe large. Here the sum WH(h) +WM (m)
might by itself be moderate, but Wint boosts the total be-
yond a simple sum. This case would correspond to a well-
designed human–AI team where the human does what they
excel at (e.g., strategic planning, complex decision-making,
emotional intelligence) and the AI/robot does what it excels
at (data processing, precision, endurance). The result is
not only high performance but also the human feels more
accomplished because the machine enables tackling more
challenging problems. Many case studies in human–robot
interaction show this kind of effect, such as in advanced
manufacturing cells where cooperative robots (cobots) and
skilled workers together achieve higher throughput and

quality than either alone, and the workers report higher job
satisfaction since the dull parts are offloaded.

Case 4: Misaligned or antagonistic interaction (h > 0,
m > 0 but Wint < 0).: This is a failure mode. For example,
if an autonomous system makes decisions that the human
has to constantly override or correct, the human may feel
frustration and meaninglessness (their expertise is wasted
while they babysit the machine). This would register as a
negative Wint. In extreme instances, it might be better to
turn off the machine (m = 0) or remove the human from the
loop (h = 0) than to have them interfere with each other.
Wint < 0 could also describe competition scenarios, e.g.,
algorithmic management where a worker is pitted against
an optimization algorithm in a way that erodes the worker’s
autonomy and dignity. Such cases underline the importance
of careful integration; the mathematical framework flags
that the interaction term must be managed to avoid net loss.

Beyond these, we can consider asymptotic limits: h → ∞
(e.g., infinite human resources available) or m → ∞ (ma-
chines effectively infinitely capable). In reality these are
bounded, but mathematically, if h or m tend to a very large
value, WH and WM might saturate (approach a ceiling)
while a poorly designed Wint could turn negative beyond
some scale (too many cooks spoil the broth). The optimal
state (h∗,m∗) that maximizes W would likely be finite on
both axes unless one agent truly adds no value.

In summary, the limiting cases confirm that the MWF
behaves consistently: it reproduces scenarios of all-human
and all-machine work, and highlights the best and worst
outcomes of mixing the two. This gives us confidence to
interpret it in more nuanced situations and also to use
calculus tools for optimization.

4.2 Interpretation of Gradients and Optimization

The partial derivatives (gradients) of W(h,m) carry impor-
tant meaning. We denote:

W ′
H =

∂W
∂h

, W ′
M =

∂W
∂m

.

These represent the marginal meaningful work gain from
increasing human or machine involvement, respectively,
holding the other constant. In the sector-decomposed form:

W ′
H = W ′

H(h) +
∂Wint

∂h
(h,m),

W ′
M =

∂Wint

∂m
(h,m) +W ′

M (m).

Thus, the human’s marginal contribution has two parts: the
direct personal gain and the interaction benefit (or cost)
added by having the machine present. Likewise for the
machine’s marginal effect.

From an optimization perspective, if we treat h and m
as continuous decision variables (e.g., how much human
labor vs machine automation to deploy), the condition for
an optimal balance (interior optimum) would be W ′

H = 0
and W ′

M = 0. These yield critical points where increasing or
decreasing involvement of either agent would, to first order,
not improve the total W . Solving these simultaneously
(when possible) gives (h∗,m∗) that maximizes meaningful
work potential. For example, in our earlier simple model,
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setting partial derivatives to zero would give a relationship
between h∗ and m∗ when C > 0 (they will balance each
other), whereas if C < 0 the optimum might be at a
boundary (one of them zero).

Even if an analytical optimum is not directly solved, the
gradients inform directional improvement: - If W ′

H > 0, it
means increasing human input (assigning more responsibil-
ity or scope to the human) will raise W , at least initially. This
is often the case if the human is underutilized and could
contribute more meaningfully. - If W ′

H < 0, then the human
might be overextended or doing tasks that subtract mean-
ing; reducing the human’s burden (perhaps shifting some
tasks to the machine) can increase W . - If W ′

M > 0, intro-
ducing or increasing automation will improve the situation
(e.g., the machine is currently underutilized or could take
on more to free the human from drudgery). - If W ′

M < 0,
then adding the machine or increasing its role is actually
harming overall meaningful work (perhaps the automation
is too aggressive or misaligned), so it would be beneficial to
scale back machine involvement or redesign the interaction.

These derivatives can conceptually guide design: for
instance, in a work process analysis, one might estimate
how employee satisfaction or output changes if the person
is given more autonomy (this probes W ′

H ) or if a new tool
is introduced (probing W ′

M and the cross-partial effect on
W ′

H ). A well-designed system should reach a point where
neither W ′

H nor W ′
M is strongly negative; ideally both are

zero or positive (zero in a perfectly optimized scenario,
positive if expanding the scope of the whole system yields
more meaning overall). If both W ′

H and W ′
M are positive, it

suggests that scaling up both human and machine involve-
ment could continue to increase meaningful work (room for
growth); if both are negative, the system might be over-
resourced or poorly allocated (both human and machine
could do less and you’d lose nothing of meaning).

Another important quantity is the cross-partial deriva-
tive:

∂2W
∂h∂m

=
∂2Wint

∂h∂m
,

since WH and WM are independent of each other. This
cross-partial indicates complementarity vs substitutability: -
If ∂2W

∂h∂m > 0, then h and m are complementary in producing
meaningful work: increasing one raises the marginal benefit
of the other. This is the case of positive synergy. In such
a scenario, we want both agents active together for best
results. - If ∂2W

∂h∂m < 0, then h and m are (at least locally)
substitutes: more of one lowers the marginal utility of the
other. For example, if the machine handles more tasks,
the human’s remaining tasks may become less satisfying
(or vice versa). In this case, there is potential conflict or
redundancy; one might consider focusing on one agent or
clearly delineating roles to reduce the negative interaction.
- If the cross-partial is zero, the interaction is neutral in the
small-signal sense: the contributions are additive without
interference at that point.

Designers of hybrid systems can use these ideas in an
iterative way: measure or estimate the current W ′

H and
W ′

M (via experiments or surveys), adjust the task allocation
accordingly, and repeat until an optimum is approached.
This is analogous to gradient ascent in optimization, climb-
ing the hill of W . In fact, one could imagine an adaptive

system that continuously monitors human engagement and
performance (for example, using biofeedback or satisfaction
metrics) and machine performance, and dynamically bal-
ances load to maximize W . Such a system would effectively
perform a gradient ascent on W in real-time: if the human
seems underchallenged (W ′

H > 0), give them more respon-
sibility; if the human seems overtaxed (W ′

H < 0) and the
machine idle (W ′

M > 0), shift tasks to the machine; if the
machine appears to be causing issues (W ′

M < 0), dial it
back or improve its alignment.

To summarize, the gradients and limiting case analysis
of the Master Work Function provide actionable insights:

• They confirm that the framework reproduces intu-
itive extremes (all-human vs all-machine).

• They help identify whether adding more human or
more machine input will be beneficial or detrimental.

• They highlight the importance of the interaction
synergy: positive cross-partials are the hallmark of
successful human–AI collaboration.

• They suggest a method for tuning systems by fol-
lowing the gradient of W , which parallels how one
would optimize any scalar objective.

With the theoretical underpinnings established, we now
move to exploring how this framework can inform and
transform practices across multiple domains where humans
and technology intersect.

5 APPLICATIONS ACROSS DOMAINS

The Master Work Function is a general construct and can
be applied to analyze and design systems in a variety of
fields. We discuss several such domains, highlighting the
unique considerations and benefits of using the MWF in
each context.

5.1 Engineering and Human-Centered Design

In systems engineering and design of industrial processes,
there’s a growing emphasis on human-centered design —
designing systems around human needs and abilities rather
than expecting humans to conform to the system. The
MWF provides a quantitative language for human-centered
design in work contexts.

For instance, consider an advanced manufacturing line
where skilled technicians work alongside automated ma-
chines and robotic arms. Traditional engineering metrics
might focus on output throughput, error rates, and utiliza-
tion of machines. Introducing the MWF would shift some
focus to the technicians’ meaningful engagement. Using
W(h,m) as a performance metric means that a configu-
ration where humans are engaged in oversight, problem-
solving, and creative tweaks (high h contribution) and ma-
chines handle repetitive assembly (high m contribution),
with strong positive interaction (the humans can easily
intervene or improve the process leveraging machine pre-
cision), will score well. This might correspond to a line
where workers manage multiple robots and improve their
programs continuously — a scenario in which workers
often report high satisfaction as they feel in control and
augmented by technology, not replaced.
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On the other hand, a poorly designed automation project
might show up as a low W : perhaps machines were added
without adjusting human roles, leaving workers to just
monitor screens idly. Engineers applying the MWF frame-
work would catch this because WH (human sector potential)
would plummet when tasks are removed from humans
without giving them new meaningful roles, and Wint might
be negative if, say, the monitoring job is so dull that human
attention lapses and actually causes mistakes. By quanti-
fying this, managers and engineers can justify investments
in, say, redesigning the workflow to involve humans in
maintenance, customization, or other creative tasks around
the automated process, thereby raising WH and Wint even
if it slightly reduces raw machine utilization.

Engineering for safety-critical systems (like aircraft cock-
pits, nuclear plant control rooms, autonomous vehicles)
can also benefit. These fields have long recognized issues
like out-of-the-loop syndrome, where too much automation
causes human operators to lose skills and situational aware-
ness. In our terms, this is a case of WM very high, WH low,
and Wint negative (the automation doesn’t team well with
the human). The MWF framework would push designers to
introduce mechanisms for keeping the human mentally “in
the loop” to maintain WH . For example, an autonomous ve-
hicle might periodically engage the driver in brief decision-
making (or at least keep them informed in an interactive
way) not because it needs to for technical reasons, but to
ensure the driver remains sufficiently engaged (W ′

H stays
around zero or positive rather than negative) so that if an
emergency arises, the driver can take over competently. This
resonates with the concept of shared control and explainable AI
in engineering: by sharing control and explaining machine
actions, we effectively increase the interaction term Wint (im-
proving trust and teamwork between human and system).

In summary, the Master Work Function could be adopted
as part of multi-objective optimization in engineering: in-
stead of optimizing solely for cost or output, designers
explicitly include W as an objective to maximize. This
ensures the system is not just efficient but also sustains
human meaningful contribution. Over time, this can lead
to more resilient systems (because humans remain skilled
and attentive) and a more satisfied workforce, which stud-
ies have shown can correlate with better productivity and
innovation in its own right.

5.2 Robotics and Human–Robot Interaction
Robotics is a domain naturally suited to applying the
MWF concept, as it often involves very tangible interactions
between humans and machines. Whether in collaborative
manufacturing, service robotics, or healthcare, the question
is how to allocate tasks between robots and humans in a
way that maximizes both efficiency and human satisfaction.

Consider collaborative robots (cobots) in a factory set-
ting. Traditionally, one might program a robot to do as much
as possible and leave the rest to the human. But from an
MWF perspective, the goal would be to allocate tasks such
that W is maximized, not just robot productivity. This might
mean intentionally leaving certain tasks for the human
because they are enjoyable or skill-enhancing. For example,
a cobot could handle all heavy lifting and repetitive mo-
tions, while a human does the fine-tuning or assembly that

requires dexterity and problem-solving. If the human finds
that aspect rewarding (say assembling parts in a creative
way or ensuring quality), WH remains high. The robot’s
work removes drudgery and physical strain, contributing
via WM . The interplay (robot sets up parts for the human
seamlessly) yields a positive Wint. In effect, the production
cell is optimized not just for output but for the meaningful
experience of the worker. Early implementations of cobots
have indeed noted increased job satisfaction as a benefit,
along with productivity gains.

In human–robot interaction (HRI) research, there is a
notion of fluency of interaction, which reflects how well
coordinated the actions of human and robot are. Fluency
contributes to trust and to performance. One can think of
Wint as a formalization of interaction fluency in terms of
value: a fluent interaction means the combined work is
more meaningful (less frustration, more synchronization).
If a robot anticipates the needs of a human teammate (for
instance, a surgical robot handing instruments to a surgeon
at just the right time), it increases Wint by making the human
more effective and feeling supported.

Another area is rehabilitation or assistive robotics, where
robots directly support human users (like exoskeletons for
mobility, or robotic prosthetics). Here, meaningful work
might translate to the person’s sense of agency and ac-
complishment in daily tasks. A well-calibrated prosthetic
arm, for example, will amplify what the person can do
(high positive Wint), whereas a poorly calibrated one that
unpredictably takes over might detract from the person’s
agency (negative Wint). Designers can use the MWF view-
point to tune autonomy: for instance, a smart wheelchair
might allow a patient to do as much as they can (to maintain
a sense of control and achievement) and only assist as
needed. This ensures the user has a high WH (they are
actively engaged in the task of moving around) and the
WM from the wheelchair kicks in only to supplement,
ideally with positive synergy (the user feels they and the
chair accomplished mobility together, rather than the chair
replacing them). This aligns with rehabilitation goals of not
“over-assisting” patients so they remain active participants
in their improvement.

In social robotics (robots that interact with people in roles
like receptionists, companions, tutors), the MWF might even
be interpreted from the user’s perspective: does interacting
with the robot provide the human with something mean-
ingful (companionship, learning)? If a social robot takes
over too much (for example, an educational robot that gives
away answers to a student rather than guiding them), it
might reduce the meaningful challenge for the student (a
case of W ′

M < 0 in terms of the learning work function). So
even in these contexts, thinking in terms of a work function
(for tasks like learning or caregiving) could ensure robots
are designed to augment human experiences rather than
shortcutting them.

Ultimately, applying the Master Work Function in
robotics forces the question of why a robot is introduced for
a task. If the answer is solely to replace a human for cost or
convenience, one might overlook the lost WH and negative
Wint consequences. By quantifying those, we may find that
the net W isn’t as high as expected. On the other hand, if a
robot is introduced to empower humans to do things they
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otherwise couldn’t or to make their work more interesting,
the framework will reflect that in a high W , justifying the
approach.

5.3 Artificial Intelligence and Value Alignment

As AI systems (software agents, decision algorithms, rec-
ommendation systems) permeate workplaces and daily life,
the question of value alignment has become paramount: how
to ensure AI’s objectives and actions align with human val-
ues and goals8203;:contentReference[oaicite:9]index=9. The
Master Work Function can be seen as one concrete instanti-
ation of human values in the context of work: it encodes a
preference for scenarios where humans derive meaning and
purpose. By incorporating W into the design and reward
structures of AI, we create a built-in alignment towards
human well-being in the domain of work.

For example, consider an AI scheduling assistant de-
ployed in a company. A purely efficiency-focused AI might
allocate tasks and time in a way that maximizes output
but leaves employees with fragmented schedules, no sense
of ownership, and burnout. If we program the assistant
with an objective function that includes the MWF (perhaps
estimated from employee feedback, like how meaningful
they rate their daily work or how engaged they are), the
AI would make different decisions. It might ensure each
team member gets at least one substantive project (to keep
WH high for each), rather than slicing everyone’s time into
many small tasks, even if the latter is more “efficient” in
a narrow sense. It might also coordinate so that there are
opportunities for teamwork where humans actually benefit
from collaboration (boosting Wint by arranging people and
AI systems to complement each other).

AI systems in management or evaluation roles (like algo-
rithms that evaluate worker performance or make promo-
tion decisions) could incorporate measures of mentorship
or skill growth — factors that contribute to an employee’s
sense of meaningful progression — rather than just output.
In doing so, they effectively try to maximize long-term WH

for staff. This would align with more humane management
practices. Without such measures, AI might inadvertently
penalize employees who take time to learn or to help others
(activities which are meaningful but might reduce short-
term metrics). By aligning the AI through the lens of MWF,
we mitigate this risk.

The alignment problem in AI safety literature often talks
about specifying what we truly want. Here, W offers a
candidate specification for one aspect of what we want
from workplace AI: not just productivity, but productivity
with human fulfillment. It provides a scalar target that in-
cludes human preferences (for autonomy, mastery, purpose)
implicitly. It is admittedly challenging to quantify W in
practice, but proxies can be developed (surveys, behavioral
indicators of engagement, etc.). With improved sensing (e.g.,
measuring cognitive load or affect), AI could even approx-
imate W ′

H in real-time, as mentioned before, and adjust its
assistance accordingly.

In multi-agent AI systems or robots, W could act like a
reward function in reinforcement learning that guides the AI
to take actions which increase the human–machine team’s
overall meaningful output. This is different from traditional

reward functions that might only count physical objectives
(points scored, tasks completed). By including terms for
human satisfaction or involvement, we align learning algo-
rithms with human-centered outcomes. This resonates with
approaches in inverse reinforcement learning where AI is
taught to infer and optimize human reward, except here we
articulate a specific form of human-aware reward.

One concrete application is in AI-driven customer ser-
vice. If an AI handles customer queries, a company may
want to ensure the human customer service reps still handle
some challenging or relational interactions, both to keep
their skills sharp and because those might be more fulfilling
than being entirely replaced by bots. The company could
use an MWF analysis to find the sweet spot: maybe let
AI handle FAQ-type queries (improving WM ) but route
complex, empathy-requiring cases to humans (preserving
WH and giving humans the rewarding cases where they
solve real problems). The AI’s routing algorithm could be
trained with a reward that values human agent engagement
level. If an agent has had a dull day (low WH so far), the
system might intentionally give them a more complex case
rather than have the AI solve it, to boost that agent’s sense
of contribution. This example shows alignment not just with
the company’s efficiency goal but also with the employees’
well-being.

Stuart Russell has emphasized that AI should
be designed to be provably beneficial to hu-
mans8203;:contentReference[oaicite:10]index=10. The
MWF gives a measurable definition of ”beneficial” in the
context of work. An AI whose introduction leads to a higher
W for the human–AI system can be deemed beneficial; if
W drops, there’s a misalignment. This could become part of
the evaluation for AI ethics boards or regulators: not only
asking ”does this AI do the job?” but ”does this AI improve
the human condition in the loop of that job?”.

In summary, AI systems, from decision support to au-
tonomous agents, can be guided by the Master Work Func-
tion to ensure they align with human values regarding
meaningful work. By formalizing a broad human value
(meaningful engagement) into the technical spec, we inch
closer to bridging the gap between AI optimization and
human fulfillment.

5.4 Cyber-Physical Systems and Infrastructure

Cyber-physical systems (CPS) integrate computation, net-
working, and physical processes. Examples include smart
grids, intelligent transportation systems, and automated
manufacturing lines. Humans are an integral part of many
CPS, either as operators, maintainers, or users affected by
these systems. The MWF can influence the design of CPS by
highlighting human roles.

Take the smart electrical grid as an example. Tradi-
tionally, as grids become “smarter” and more automated,
the role of grid operators might diminish. However, there
are instances like demand response programs that involve
human decisions (e.g., consumers deciding to shift usage). A
perspective maximizing W might design the grid automa-
tion to engage users and operators in certain decision loops
where human judgment or preference adds value, rather
than having a completely opaque automated control. This
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could mean giving community managers tools to tweak
how their local grid optimizes for cost vs. sustainability,
thereby giving them meaningful agency (and WH ) rather
than a black-box AI controlling everything. Even though
purely algorithmic control might be mathematically opti-
mal, including human stakeholders in the loop can increase
acceptance and perceived meaningful participation, which
is important for the system’s social sustainability.

In transportation, consider air travel with increasing
autopilot capabilities or future autonomous air traffic con-
trol. Completely automated air traffic control might handle
more planes, but pilots and controllers would lose their
engagement. The MWF might push for hybrid approaches:
highly automated routine handling, but humans intervene
in complex or novel situations, or the system solicits human
input for strategic changes (like new routing protocols)
tapping into human expertise and keeping them sharp.

Another CPS example: smart cities deploying AI for ur-
ban planning or public services optimization. If everything
is optimized without citizen involvement, citizens might
feel disempowered. Using an MWF lens, city planners might
incorporate participatory sensing or community decision
platforms (a bit like involving humans in the control loop
of the city) that yield a higher W because citizens actively
shape their environment (their work as citizens is meaning-
ful). While this drifts beyond “work” in the narrow sense,
it is analogous: people invest effort in their communities,
which is work-like, and technology can either sideline them
or empower them.

Cyber-physical security is also relevant: when prevent-
ing and responding to cyber-attacks on infrastructure, hav-
ing engaged human analysts working with AI detection
systems is often found to be more effective than AI alone
or human alone. The synergy (Wint) of a well-calibrated
human-AI security team (where AI flags anomalies and
humans investigate context) is high. The MWF approach
would argue for maintaining that balance rather than trying
to fully automate cybersecurity, because an engaged analyst
can think like an attacker in ways AI might not, and impor-
tantly, feels a sense of mission which is crucial for sustained
vigilance.

In summary, CPS design often tends towards full au-
tomation for efficiency and reliability, but the Master Work
Function concept urges a thoughtful inclusion of human
roles to ensure that the systems remain aligned with human
skills and that the people connected to these systems remain
empowered rather than marginalized. This can lead to CPS
that are not only technologically sound but also socio-
technically resilient and accepted.

5.5 Education and Training

Education is a domain where the concept of meaningful
work can be applied in a slightly different manner. For
students, learning activities can be thought of as their
“work,” and educators and educational technology (like
learning software or AI tutors) form a human–machine
system aimed at maximizing learning outcomes and stu-
dent development. The MWF framework can be adapted
to ensure that education technology enhances rather than
detracts from meaningful learning experiences.

For instance, the rise of AI tutors and online learn-
ing platforms has transformed classrooms. If a perfectly
optimized AI could teach students, one might envision a
future with fewer human teachers. However, many educa-
tional theorists note the importance of human mentorship,
social interaction, and inspiration — aspects of learning
that students often find deeply meaningful. A Master Work
Function for an educational context might include terms
for student engagement and teacher fulfillment. A teacher
working with AI might offload rote tasks (like grading basic
exercises) to the AI (WM part) but focus more on higher-
level coaching, personal feedback, and motivating students
(WH part). The interaction term could represent how well
the AI’s insights (perhaps it identifies which students are
struggling with which concept) are used by the teacher to
tailor instruction. A positive Wint here means the teacher-AI
team achieves better educational outcomes and both teacher
and students feel more supported.

One could even consider the student in the loop of this
human-machine system: the student is kind of the ’human’
doing the work of learning, the AI tutor is the ’machine’,
and the teacher can be seen as another human facilitating
the interaction. In such a triad, we want the student to be
actively intellectually engaged (their own WH as a learner
high), not just passively following an AI. The AI’s role (WM )
is to provide resources, adapt practice problems, etc. The
teacher’s role can be to ensure Wint between student and AI
is positive (ensuring the AI is used in a pedagogically sound
way and not confusing the student). The “meaningfulness”
for a student would correspond to things like curiosity,
sense of accomplishment, and relevance of material —
essentially, making learning meaningful for them, which
fosters motivation and deep learning.

In corporate or vocational training (another aspect of
education), similar logic applies. E-learning systems with
virtual coaches might increase efficiency, but if they remove
all social learning, trainees might not develop collaborative
skills or might feel isolated. A training MWF would encour-
age blended learning: some e-learning modules (efficient
content delivery by the machine), combined with group
projects or discussions moderated by humans (ensuring
participants find personal meaning and context in what
they learn). The outcome is trainees who not only passed a
module but also feel confident and valued (high W overall).

By applying the MWF, educational institutions can re-
sist the temptation to replace instructors with AI entirely.
Instead, they can justify maintaining or even increasing hu-
man interaction because it contributes to a quality that pure
test scores might not measure directly but is captured in W .
For example, a school might measure student engagement
and love of learning (via surveys or behavioral indicators)
as part of their success metrics, analogous to measuring
W , and ensure any technology adoption improves those
metrics.

Furthermore, the MWF mindset in education aligns with
the idea of producing not just knowledgeable but well-
rounded individuals. If one treats the development of things
like critical thinking, creativity, and teamwork as part of
the meaningful ”work” students should be doing, then one
would be cautious about overly structuring or automating
everything. An overly automated curriculum might spoon-
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feed information (like an AI that tells students the answers)
which could hurt the development of self-driven inquiry.
So ensuring the “work” of problem-solving remains with
the student (keeping their WH high) is crucial. AI then can
play a role in providing feedback or resources (WM ) but
should not remove the challenge that actually makes the
work meaningful.

In short, for education, the Master Work Function ad-
vocates for technology that augments human teaching and
learning in such a way that students remain active, teachers
remain key contributors, and the overall learning experience
remains rich and meaningful. It is a guard against an overly
mechanized education system and a guide for a synergistic
human-AI pedagogy.

5.6 Economics and the Future of Work

At an economic and societal level, the Master Work Function
concept can inform how we measure progress and design
policy in an era of automation. Traditional economic indi-
cators like productivity, GDP, or employment rates do not
directly capture whether work is meaningful. This has led
to blind spots: a society might have high productivity and
low unemployment, yet if much of the work is precarious or
soul-crushing, the society is not truly thriving. Conversely,
in a future scenario with high automation, GDP might grow
even as many people are underemployed.

If we had an aggregate Master Work Function Wsociety

summing or averaging the meaningful work potential
across all workers, we could aim to maximize that as a
societal objective. This might be thought of as a compo-
nent of “gross national well-being.” In practice, measuring
this might involve large-scale surveys of job satisfaction,
engagement indices, or counts of how many jobs pro-
vide avenues for personal growth. John Rawls in his later
work argued that a well-ordered society should provide
“the opportunity for meaningful work and occupation”
to all8203;:contentReference[oaicite:11]index=11. The MWF
is a way to make that opportunity measurable and thus
actionable in policy.

For instance, consider the widespread adoption of AI
in the service sector. Many routine service jobs could be
replaced by AI (fast-food ordering kiosks, automated cus-
tomer service, etc.). This improves efficiency but might re-
duce the number of entry-level jobs. From a pure economic
view, this could be acceptable if those workers find other
jobs or are supported by social safety nets. But from an MWF
view, we lost a bunch of WH that those workers had (even
if the jobs were not highly meaningful, they did provide
structure, social interaction, and a sense of contribution).
We should ask: how do we compensate or replace that lost
meaningful work potential in people’s lives?

One potential answer is to create new types of roles or
encourage sectors where human labor adds a unique mean-
ingful dimension. For example, while AI handles many
transactions, humans could focus on roles emphasizing
empathy or creativity (like a human concierge who provides
personal connection in a largely automated hotel). These
might not be “efficient” in the traditional sense (a robot
could check you in faster), but they provide an avenue
for meaningful work and human contact, which could be

justified if we value W . Some companies might differenti-
ate themselves by offering human-centric experiences as a
premium service, effectively monetizing meaningful work.

Policymakers might also consider incentives or subsidies
for industries that inherently provide meaningful work
(arts, caregiving, education, public service) especially if
those are less lucrative in a market sense but high in societal
W . For example, caregiving jobs (nurses, elder care, child-
care) are often underpaid but can be highly meaningful. If
many such jobs are replaced by robots, society loses more
than just wage income, it loses human touch in care. An
MWF approach would argue to invest in keeping humans
in those loops or at least reframe those roles so that humans
focus on the relational aspect (which is the meaningful part)
while robots do the logistical part.

From a macroeconomic perspective, Frey and Os-
borne’s oft-cited study estimated that 47% of U.S.
jobs are at high risk of automation in coming
decades8203;:contentReference[oaicite:12]index=12. If that
came to pass unchecked, we might have productivity but
also massive displacement. The MWF approach would be
to not only worry about unemployment (which is an issue)
but also the overall meaningful work in society. It might en-
courage policies like: - Job Guarantees or Public Works focused
on creating socially useful and fulfilling jobs (community
projects, environmental restoration, cultural work). - Work-
time reduction (e.g., 4-day workweeks) to distribute work
more evenly and allow more people to partake in some
work rather than some overwork and others none, aligning
with Keynes’ vision that in the future, we should work
fewer hours and enjoy more leisure. However, it emphasizes
that the work that remains should be meaningful, not just
reduced drudgery. - Universal Basic Income (UBI) is often
proposed for a future with less work. MWF would add: if
UBI frees people from survival work, they might engage in
self-chosen meaningful activities (art, volunteering, open-
source projects, caregiving in family). Those are work in a
broader sense and contribute to W even if not paid employ-
ment. Society might need to recognize and support those as
legitimate contributions. One could foresee measuring the
aggregate Master Work Function including unpaid forms of
work to ensure that a society with UBI is actually flourishing
and not idle and purposeless.

Economists often talk about the “future of work” with
two narratives: one of mass unemployment and one of hu-
mans moving to better, creative jobs. The truth will depend
on how we manage it. The MWF concept basically pushes
for the latter path by design: actively create the conditions
for humans to move into those more creative, high-meaning
roles, rather than leaving it to chance.

Finally, even compensation systems might adapt. If we
measure which jobs produce a lot of societal meaning (e.g.,
teachers, caregivers), perhaps they should be valued more.
Conversely, if some high-paid positions turn out to be high-
output but yield little personal fulfillment (maybe some
monotonous financial trading job that an AI could do), those
could be flagged as places where automation wouldn’t actu-
ally hurt human welfare to replace (because those humans
could do something more fulfilling instead).

In conclusion, at the economic level, incorporating the
Master Work Function into our metrics and decision-making
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could lead us to a more inclusive and human-centric econ-
omy. It provides a counterweight to the drive for pure
efficiency by quantifying something efficiency often ignores:
the human value of work. Policies and innovations would
then be evaluated not just on job count or output, but on
how they transform the landscape of human activity and
whether they increase the total meaningful engagement of
people in society. This aligns well with a vision of progress
that has human flourishing at its core, not just material
wealth.

6 PHILOSOPHICAL AND ETHICAL IMPLICATIONS

The introduction of the Master Work Function as a guid-
ing concept for human–machine systems carries significant
philosophical weight. It prompts a re-examination of funda-
mental ideas about work, value, and the role of technology
in human life. In this section, we consider several deep
implications:

6.1 Redefining the Concept of Work

Work has often been defined narrowly as employment or
tasks done for economic gain. However, philosophers from
Aristotle to Hanna Arendt have long distinguished mere
labor from more fulfilling work or action that expresses
human capabilities. The MWF formalism nudges us toward
a broader definition: work is not just what can be quantified
in productivity statistics, but any purposeful activity (paid
or unpaid) that realizes values and meaning for individuals
and communities.

By providing a scalar measure that explicitly values
the human experience of work, the MWF encourages
recognizing activities as “work” even if they don’t fit
the conventional mold. For example, raising a child or
volunteering in a community could be high on meaningful
work potential, even if no salary is involved. Conversely,
a highly paid job of repetitive button-pushing might
register low on meaningful work. This echoes Marx’s
concern that capitalist definitions of work can strip it of its
species-being fulfillment and reduce it to a means of subsis-
tence8203;:contentReference[oaicite:13]index=138203;:contentReference[oaicite:14]index=14.
The MWF could be seen as an attempt to rescue a richer
definition of work — one that includes creativity, autonomy,
and social value.

In a future with ubiquitous automation, society might no
longer need everyone’s labor to produce abundance. This
raises the question: what will people do? Will we conceive
of “work” to include personal projects, caregiving, artistic
pursuits, civic engagement? The Master Work Function
suggests that we should; we can measure and acknowledge
these pursuits as contributing to society’s meaningful work
pool. It provides a framework for valuing such contributions
on par with, say, manufacturing output. Philosophically, this
aligns with the idea that human worth is not measured in
economic output alone, but in the myriad ways people can
contribute to each other and express their talents.

In practical terms, if W can be associated with any ac-
tivity, then individuals can be guided to find or create high-
W niches in a changing economy. Education systems might
emphasize not just skills for employability, but skills for

crafting meaningful lives (resilience, curiosity, interpersonal
skills) because those will be key in finding fulfilling work in
partnership with machines.

6.2 Promoting Human Flourishing (Eudaimonia)
Aristotle’s concept of eudaimonia refers to human flourishing
or living well, which includes exercising virtue and fulfilling
one’s potential. Meaningful work is a major component of
modern interpretations of flourishing, as fulfilling work can
provide purpose, community, and self-respect. By focusing
design and policy on W , we directly contribute to conditions
for human flourishing.

John Rawls saw self-respect as “perhaps the most impor-
tant primary good” and believed just society should sup-
port it8203;:contentReference[oaicite:15]index=15. Meaning-
ful work contributes to self-respect: one feels valued by
contributing in meaningful ways. A system that systemat-
ically deprives segments of population of meaningful work
opportunities (as might happen if, say, only a technical elite
have creative jobs and many others are either unemployed
or in trivial jobs) can create a form of injustice or caste sys-
tem of meaning. The MWF framework implicitly demands
that we democratize access to meaningful roles. This could
take form in policies ensuring education and re-skilling for
displaced workers not just to find any job, but to find good,
enriching jobs.

Furthermore, by aligning AI with human meaningful
outcomes, we ensure technology doesn’t inadvertently push
people into a passive welfare state devoid of purpose. In-
stead, technology’s role becomes to maximize what humans
can achieve (akin to Amartya Sen’s capabilities approach,
which is about expanding what people are able to be and
do). A flourishing society in the age of AI would be one
where everyone, perhaps working fewer hours, is nonethe-
less engaged in activities they find worthwhile, supported
by machines in the tedious aspects but not robbed of agency.

There is also a connection to mental health and existen-
tial well-being. Frankl’s logotherapy posits that striving to
find meaning is the primary motivational force in humans.
Work (in a broad sense) is one main avenue for meaning. If
AI and automation render people feeling useless, it can lead
to existential vacuum and social problems. Recognizing this,
the MWF becomes not just an economic or engineering tool,
but a safeguard for mental and social health. It embodies
the ethical stance that technology should serve human good
life (eu zên), not just life (zên) in a minimal sense.

6.3 Agency and Autonomy
Human agency refers to the capacity to make choices and
impose those choices on the world. One fear of AI is the
erosion of human agency: if algorithms make all decisions,
humans might become complacent or helpless. The Master
Work Function explicitly values human agency by giving
credit to states where humans are making meaningful con-
tributions.

By designing systems to maximize W , we inherently
design them to keep humans in decision loops where it
matters. This also ties to the ethical concept of autonomy in
the philosophical sense: people living under conditions they
have a voice in, rather than being coerced or controlled. A
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workplace optimized for MWF would, for example, avoid
bossware or micro-managing AI that strip workers of auton-
omy, because that would lower WH (people would feel less
meaning in their work if treated like cogs). Instead, it would
encourage giving workers more freedom to determine how
to achieve their objectives with AI as a tool. This echoes in-
dustrial democracy movements that argue workers should
have a say in technological changes affecting them. Here we
have a quantitative argument for it: doing so likely increases
Wint since the human will work better with a system they
co-designed or at least understand and control to a degree.

In broader societal terms, if decisions previously made
by human collectives (juries, councils, legislatures) get sup-
planted by AI (say predictive policing replacing jury deliber-
ation or algorithmic governance), there is a reduction in col-
lective agency that could be harmful for democracy. MWF
in those contexts would measure something like communal
meaningful civic participation. If it’s dropping, that’s a red
flag even if efficiency is rising. We might then consciously
retain some slower, human-driven processes for the sake of
legitimacy and meaning.

Norbert Wiener warned against entrusting too
much to machines without asking ”what are our pur-
poses?”8203;:contentReference[oaicite:16]index=168203;:contentReference[oaicite:17]index=17.
The MWF is one way of formalizing a key purpose: to
enhance human life. It ensures humans remain ends in
technological endeavors, not mere means. This is essentially
applying Kant’s formula of humanity (treat humanity
always as an end in itself) to design: a machine that
increases W is treating the human as an end (focusing on
their well-being), whereas one that decreases it might be
treating humans as just means to efficiency.

6.4 Value Alignment and Ethics of AI
On the topic of AI ethics, embedding a concern for meaning-
ful work into AI systems touches on multiple ethical prin-
ciples: - Beneficence: doing good, promoting well-being. By
aligning AI with W , we are explicitly programming it to do
good by human lights, not just operate correctly. It’s a way
to implement ”AI for human flourishing.” - Non-Maleficence:
avoiding harm. An AI that naively optimizes productivity
might harm by causing burnout or loss of purpose. By
monitoring W , we catch such harms early. - Justice: fair dis-
tribution of benefits. If only a small group enjoys meaningful
high-tech jobs and many are left out, that’s unjust. We could
monitor W across demographics to ensure equity. Perhaps,
for example, ensure that automation is not introduced in a
way that one group (say, those without college degrees) dis-
proportionately loses meaningful work while another gains.
Policies could be triggered when there’s an imbalance, such
as retraining programs or job redesign to boost W in the
impacted group. This ties back to Rawls’ difference principle
albeit in terms of job quality, not just income. - Human dig-
nity: Many ethical frameworks highlight preserving human
dignity in the face of technology. Dignified work is a huge
part of dignity (as recognized in Catholic social teaching
and other philosophies). The MWF directly operationalizes
dignity by insisting work have meaning and not reducing
humans to machine adjuncts.

Stuart Russell and others have argued for provably
aligned AI that defer to humans on matters of value. The

MWF could serve as part of the value function for AI in the
economy. It’s not the whole of human values, of course, but
it covers a large territory concerning daily life and purpose.

One philosophical challenge is the measurement prob-
lem: can we really quantify meaning? Will we risk reduc-
ing a rich concept to a number? This echoes longstanding
debates about utilitarianism (quantifying happiness). The
answer is that any such measure will be imperfect, but as
a guide it can be useful, and it can be refined over time. It’s
better to try to measure and optimize something related to
human well-being than to ignore it altogether. We must be
cautious, though, that the proxy truly tracks meaning and
doesn’t become a gameable metric that misses the essence
(the classic Goodhart’s law issue). Ongoing interdisciplinary
research (in psychology, sociology) is needed to ground W
empirically.

6.5 Human–Machine Co-evolution of Values

As we incorporate concepts like the MWF into our systems,
it will influence human culture too. If workplaces start
valuing meaning, workers might adjust their expectations
and attitudes towards technology. Instead of seeing au-
tomation as a threat, they could see it as an opportunity
to shift to more meaningful roles (provided that promise
is kept). Organizations might cultivate environments where
man and machine “grow” together, each learning from the
other. This co-evolution could lead to new values: perhaps
society comes to celebrate the craft of designing human-
AI workflows that maximize human growth. That could
be a new art or virtue—like the virtue of being a good
collaborator with AI.

On the flip side, ignoring these issues could lead to value
degeneration: people might adapt to meaningless work
by disengaging, “quiet quitting,” or rejecting technology.
There could be a backlash where people deliberately prefer
human-made or human-provided services (e.g., artisanal
goods movement, or analog experiences) as a way to reclaim
meaning. While those movements can be positive, they often
come as reactions to perceived tech overreach.

By proactively shaping technology with a view to human
meaning, we integrate our values into the fabric of our
future. It’s a clear stance against technological determinism;
it says we can and should guide our inventions by what
we as humans care about. In that sense, it’s an optimistic
humanist philosophy: even in a high-tech future, we remain
authors of our destiny, using tools like the MWF to ensure
the story arc bends toward human fulfillment.

Finally, this approach resonates with Norbert
Wiener’s hope that awareness of the “great many...
present of the social dangers of our new technol-
ogy”8203;:contentReference[oaicite:18]index=18 can lead to
using it for “increasing... leisure and enriching... spiritual
life”8203;:contentReference[oaicite:19]index=19 rather than
worship of the machine. It operationalizes that hope. By
embedding “enriching spiritual life” into the objective
function (via meaningful work potential), we turn an ethical
aspiration into an engineering principle.

In conclusion, the Master Work Function, though pre-
sented as a technical construct, is fundamentally about reaf-
firming humanistic principles in the design of our future.
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It requires collaboration between technologists, social scien-
tists, and philosophers to refine and implement, but it offers
a path to a future where technology and humanity are not
at odds in a zero-sum game over jobs and purpose. Instead,
they become partners in the project of human flourishing,
each augmenting the other in a virtuous cycle. This is a
future in which work, even as it transforms, continues
to be a source of dignity, growth, and community — a
future in which, to paraphrase a famous line, our tools and
algorithms serve us rather than we serve them.
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