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Abstract

The standard picture of a rational agent puts value on states of the world. The agent
ranks where things could end up and heads for the best. Much of the case for AI risk is built
on this picture: an agent that ranks end states protects its ranking and resists correction.
We first set out where the picture strains. It cannot tell apart two routes to the same place,
it cannot tell learning from being rewired, it values reversibility only as a means, it has
nothing to rank in a process that never ends, and it needs a stable self to own the ranking.
Each of these is about how the world changes, not where it ends up. We then describe an
alternative on its own terms. In the process view value lives on changes: moving from one
state to another is good or bad in itself, and a course of action is worth the changes it is made
of. We show by example what the process view expresses directly: kinds of change, round
trips and irreversible steps, values in processes without end, selves that drift, and coherence
over changes rather than outcomes.

1 Introduction

This paper does two things. It sets out the state view of value, which alignment theory inherits
from decision theory, and names five places where it strains (Sections 2–3). It then describes
the process view, in which value lives on changes, and develops it by example (Section 4). The
process view is not presented as a correction of the state view. It is a way of seeing value that
stands on its own, and the rest of the paper works inside it. How the two relate formally is short
and is left to Appendix A.

2 The state view

Draw the world as states and the ways of moving between them. The state view writes a number
at each state, its utility, and nothing on the moves (Figure 1). An agent looks ahead to the states
it can reach and heads for the one with the highest utility. Uncertainty is handled by expectation:
an agent that cannot be exploited ranks gambles over end states as if by their expected utility
[von Neumann and Morgenstern, 1944, Yudkowsky, 2017]. Reinforcement learning computes the
same kind of object, a value on each state, and plans by climbing it.

Two arguments at the centre of alignment follow. An agent with a utility function scores
any change to that function by the function it already has, finds the change a loss, and resists it
[Omohundro, 2008, Soares et al., 2015]. And because more end states are reachable from states
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Figure 1: The state view. States are drawn at the height of their utility. The agent heads for
the best reachable end state; the moves in between carry no value of their own.
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Figure 2: Two histories through the same kinds of state. What differs is how each change is
made.

with more options, agents with many different utilities tend to seek options and power as a
means [Turner et al., 2021]. Corrigibility becomes unnatural, and control becomes instrumentally
convergent.

3 Where the state view strains

Same place, different route. Two histories can pass through the same kinds of state, one
by learning and repair, the other by coercion and harm (Figure 2). The state view scores them
alike, because it reads a route only through where it goes.

Changing one’s values. Put the agent’s own values into the state, so that a change of values
is a move. The state view scores the move by where it lands, judged by current values (Figure 3).
Any change that redirects the agent’s future scores as a loss, so the agent resists correction by
evidence as firmly as tampering. And it cannot tell learning from being rewired when both end
in the same values [Ammann, 2023]. Criteria stated on end states therefore permit a robot that
rewires its principals at random, since rewiring and learning reach the same distribution of end
states [Armstrong, 2015, 2016].

Undoing. Whether a change can be undone matters to people in its own right. In the state
view it matters only as a means, when keeping a way back leads to better end states. Reversibility
has no place of its own.
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Figure 3: The state view facing a change of its own values. Every option is scored by the current
values U : how good, by U , is the world the future self would bring about? Keeping U always
wins, so learning and rewiring are resisted alike.

No end. A living system, an institution or a conversation does not head for a final state. It
keeps changing, and what matters is how. The state view needs an end to rank. Procedures raise
the same problem: we trust a court or an argument without knowing its output, and coherent
extrapolated volition fixes a procedure and leaves its output open [Yudkowsky, 2004]. There is
no state to score before the procedure has run.

Whose ranking? A utility is a ranking held by a self. For an agent embedded in the world it
acts on, the self is a boundary the world’s dynamics must maintain, and it can drift [Demski and
Garrabrant, 2019, Kirchhoff et al., 2018]. When the self changes, so does the space its utility is
defined on, and the state view has no way to compare before and after.

Each of the five is about how the world changes, not about where it ends up.

4 The process view

Process philosophy takes occurrences as basic and treats enduring things as stable patterns in
them [Whitehead, 1929, Rescher, 1996]. The process view of value takes the same step: value
lives on changes.

4.1 Values on changes

Definition 1 (World graph, process value). A world graph has states and transitions; each
transition e runs from a source s(e) to a target t(e), and two transitions may connect the same
states in different ways. A process value r assigns a number r(e) to each transition: how good
it is for the world to change this way. A course of action is worth the sum of its changes,
r(γ) =

∑
i r(ei).

Figure 4 gives an example. Two people who disagree can come to agree by arguing from
evidence, by splitting the difference, by deception or by pressure. The four routes connect the
same two states and are worth different amounts. Reconsidering, once they agree, is itself a
change with a value.

An agent plans with a process value by looking ahead along changes. The worth of making
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Figure 4: Values on changes. Four ways of coming to agree, each with its own value, and a
change back with a value of its own.

values c values c′

elearn: evidence and reflection

erewire: direct intervention

Figure 5: Two ways of arriving at the same values. In the process view they are different changes
and can carry different values.

a change is its own value plus the best that can follow it:

q(e) = r(e) + max
e′: s(e′)=t(e)

q(e′), (1)

with q(e) = r(e) when nothing follows. This is the action-value function of reinforcement
learning, which already lives on changes rather than states, and whose rewards already sit on
transitions [Sutton, 1988]. We read r as a value, a standard for judging changes, not as a training
signal [Turner, 2022].

4.2 Kinds of change

The first thing the process view expresses is that the same change can be made in different ways
(Figure 5). Learning and rewiring, persuasion and coercion, reform and revolution are distinct
transitions between the same states, and a process value can rank them.

This changes what corrigibility looks like. An agent with a process value, facing a change
to its own values, does not ask whether the result scores well by its current values. It asks
whether the change is of a kind it endorses. Correction by evidence and reflection can be valued
highly; tampering can be valued low, even when both end in the same place. What such an
agent protects is a rule of change, not a state. The random rewiring robot is ruled out directly,
because rewiring is a different transition from learning.

4.3 Round trips and irreversible changes

Some changes can be run backwards and some cannot (Figure 6). In the process view both facts
sit on the changes themselves.
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Figure 6: Smooth, reversible change and abrupt, irreversible change.
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Figure 7: Round trips. Going and coming back can cost something (a) or be worth taking (b).
Some changes have no way back (c).

A round trip, going somewhere and coming back, has a value of its own: the sum of the
two changes (Figure 7). It can be negative, the friction of changing and changing back. It can
be positive, as for a walk that ends where it began or a conversation that leaves both views
unchanged but better understood. And some changes have no way back at all. A process value
can price an irreversible step for what it closes off. Side-effect penalties in reinforcement learning
already do this, scoring a transition by the states it makes unreachable [Krakovna et al., 2019]
or by the goals it puts out of reach [Turner et al., 2020]. Physics makes a similar split of any
process into a part that changes sign when time runs backwards and a part that does not, the
second measuring how active the process is [Maes, 2020].

4.4 Processes without end

When a process has no final state, an agent is judged by the changes it keeps making: the long-run
average of r along its path. Planning becomes a choice among ways of continuing, not a search
for a destination. This is the natural setting for institutions, ecosystems and conversations,
and for any agent that is deployed indefinitely. It is also the setting for procedures. Coherent
extrapolated volition, a court or a deliberation is valued as a process: by the changes it makes
on the way, with its output left open.
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the world’s states persist; which of them form a self does not

Figure 8: The same world at three moments. A self is a region whose inside (blue) meets the
outside (grey) only through a boundary (red). The boundary drifts and reshapes; which states
form a self is a fact about the process.

4.5 Selves as patterns in the process

In the process view a self is not presupposed. It is a region of the world that holds together
over a stretch of time, whose inside meets the outside only through a boundary [Friston, 2013,
Kirchhoff et al., 2018]. The boundary can drift and reshape while the world’s states persist
(Figure 8). Because value lives on changes, it does not need a fixed self to be defined over. A
change of self is one more transition, and it can be valued like any other.

4.6 Coherence over changes

The process view keeps expected value. For a gamble p over the changes available at a state,
the expected process value Ep[r] is linear in p, so the von Neumann–Morgenstern representation
holds with changes as the outcomes. An agent with a process value has complete and transitive
preferences over changes. What it does not assume is that preferences over changes reduce to
preferences over the states they lead to [Hammond, 1988]. Coherence alone does not decide that
question: with whole histories as outcomes, almost any behaviour is coherent [Shah, 2018]. The
outcome space is a choice, and the process view chooses changes.

A money pump reads differently here. An agent that accepts a loop of changes whose total
value is positive, and pays to go round, is not exploited. It is paying for a route it values, as
one pays for a walk.

5 Discussion

Why start from changes. Physics went this way. Heat and work, quantities that depend
on how a system changes, were measured first, and entropy, a quantity on states, was defined
afterwards from heat exchanged reversibly [Clausius, 1865]. Lieb and Yngvason [1999] derive
entropy from the relation of which states can be reached from which. Quantities on states were
derived; quantities on changes were the data.
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The state view, from here. Seen from the process view, a utility over states is a process
value of a special kind: one that values every change by where it ends minus where it starts.
Appendix A states this exactly.

Limits and open problems. We have treated deterministic changes and values that add
along a path. Open problems:

1. Axioms for preferences over changes, and the representation they give.

2. Which process values are good. Candidate conditions from earlier work on process
alignment: a good change responds to evidence and does not reach an aim by overriding
the processes it is made of.

3. A measure of irreversibility on changes, and its relation to side-effect penalties and
power-seeking.

4. Values from reachability: when the relation “y can be reached from x by a change the
agent endorses” defines values on states, in the way adiabatic accessibility defines entropy.

5. Changes of the rule of change: process values on transitions between process values.

A How the state view sits inside the process view

A utility U on states defines the process value (dU)(e) = U(t(e)) − U(s(e)), which values each
change by where it ends minus where it starts.

Proposition 1. Fix a start state x0 from which every state is reachable. The worth of a path
from x0 depends only on its final state, for every such path, if and only if r = dU for some
utility U .

Proof. If r = dU , the sum along a path telescopes to U(end) − U(x0). Conversely, set U(x)
to the worth of any path from x0 to x; a path to s(e) followed by e is a path to t(e), so
U(t(e)) = U(s(e)) + r(e).

Proposition 2. Adding dΦ, for a bounded Φ, to a process value changes no choice in an episodic
task with Φ = 0 at the end, and does not change the long-run average worth of any path in a
process without end.

Proof. Along a path dΦ telescopes to Φ(end) − Φ(start), which is −Φ(start) in the first case
and, divided by the number of steps, tends to zero in the second.

The first half of Proposition 2 is reward shaping [Ng et al., 1999]; work on reward learning
removes such terms before comparing rewards [Gleave et al., 2021, Skalse et al., 2023]. The
second half says that in a process without end, utilities over states do not steer at all.

Proposition 3. If ē runs from t(e) to s(e), then (dU)(e) + (dU)(ē) = 0: every utility values
every round trip at zero.

Proof. (dU)(ē) = U(s(e))− U(t(e)).
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