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Abstract

This paper develops the value-goal layer of the agency-semantics spine of Distinction
Theory. Building on the formal core of Active Finite Distinction Systems, the M0 agency-
semantics spine, and the M1 model of attention as distinction admission, it treats value
as F'DS-value: causal boundary-gradient relevance under finite capacity, rather than moral
value, subjective preference, or intrinsic worth. An evaluand is FDS-valuable for a system
only relative to a specified boundary, loss function, intervention grammar, horizon, action or
update channel, and resource budget. Its gross causal boundary gain is the finite-difference
reduction in expected future boundary-maintenance loss; its net FDS-value subtracts scalar-
ized evaluation, verification, action, maintenance, or opportunity cost; and its risk-weighted
value adds collapse-risk reduction near critical thresholds. A goal is a stabilized FDS-value
ranking coupled to a policy orientation across finite update windows. The paper distin-
guishes salience, attention, reward, preference, FDS-value, goal, commitment, and moral
value; introduces predictive-causal dissociation, gross/net value accounting, risk-weighted
ranking, goal-stability indices, proxy-boundary divergence, value drift, multi-goal Pareto
conflict, and goal hysteresis; and provides audit protocols for biological, cognitive, artifi-
cial, organizational, and collective systems. A deterministic synthetic normal-form model
illustrates predictive-causal dissociation, risk-dominant ranking, goal stabilization, proxy
reward hacking, second-order evaluation deficit, Pareto conflict, and recovery lag. The
paper does not derive ethics from boundary maintenance or claim that all value reduces
to survival. It supplies a conservative finite-system bridge for analyzing value and goal as
boundary-relevance ranking under capacity, verification, and resource constraints.

Keywords: FDS-value; operational value; goal; boundary relevance; causal value; finite capacity;
boundary maintenance; value ranking; goal stability; reward hacking; value drift; proxy alignment;
active finite distinction systems; decision theory; reinforcement learning; Al alignment; social
choice.

Epistemic Notice and Scope

This manuscript is an agency-semantics spine paper, not a completed theory of value, ethics,
decision-making, motivation, reward learning, or social choice. It does not claim that moral
value reduces to boundary maintenance, that biological reward equals value, that all preferences
are survival proxies, or that current Al reward functions faithfully represent value. Its claim
is narrower: once a system is modeled as an active finite distinction system with a boundary,
memory, update rule, action space, finite capacity, and boundary-maintenance loss, value and
goal acquire operational roles. In this paper, “value” means FDS-value or operational boundary
value: causal relevance to a specified boundary-maintenance loss under a specified model, horizon,
cost accounting, and action/update channel. Goal means stabilized value ranking coupled to
policy across finite update windows.



The paper follows the layered discipline of the FDS formal core. Formal definitions, normal-
form models, physical bridge assumptions, and domain applications are separated. A failure of
a cognitive, artificial, biological, organizational, or social mapping may demote that mapping
without refuting the formal FDS core [1]. The deterministic numerical model is illustrative only.
It visualizes definitions and failure modes; it is not empirical evidence.

1 Introduction

A finite system cannot treat every admitted distinction as equally important. M1 defined
attention as capacity-limited admission of candidate distinctions into an update channel [3]. M2
asks what happens after admission. Once a distinction, action, state, record, policy, or proxy
enters the update-relevant channel, the system must rank its relevance: which distinctions reduce
future boundary loss, which actions worsen it, which proxy signals mislead, and which rankings
remain stable enough to orient behavior over time?

The FDS core defines an active finite distinction system as a tuple

S:(X’E7B7M’KA?U7W7€7¢7P’7)’ (1)

where X is internal state, F environment, B boundary, M memory/model space, Y observation
channel, A action space, U update map, 7 finite projection, £ boundary-maintenance loss, ®
resource budget, P perturbation/pruning family, and 7 update timescale [1]. MO introduced an
agency-semantics dependency skeleton,

distinction — record — attention — value — goal — meaning — agency — culture, (2)

and defined value as causal boundary-gradient relevance and goal as stabilized value ranking [2].
M2 expands that value-goal step.

1.1 Why value needs a finite-system formulation

The word value is overloaded. It can mean utility, reward, preference, price, importance, survival
relevance, moral worth, social status, expected return, or subjective desirability. M2 does not try
to unify all of these into one metaphysical substance. Instead it defines a finite-system bridge.
Given a specified boundary, loss function, intervention grammar, horizon, and capacity budget,
an evaluand has FDS-value when selecting, admitting, maintaining, or using it causally changes
future boundary-maintenance loss.

This definition is deliberately relational. A distinction may be FDS-valuable for one system
and irrelevant for another. A proxy may be FDS-valuable under one horizon and harmful under
a longer horizon. A goal may be adaptive during crisis and rigid after the crisis ends. Value in
the M2 sense is therefore not an intrinsic tag attached to a signal. It is a boundary-relative and
horizon-relative finite-difference effect.

1.2 Goal is not merely preference

A high-valued action is not yet a goal. A preference may be momentary. A reflex may be
high-value in a narrow state but fail to persist. A goal requires stabilization: a ranking over
evaluands or policies must survive across update windows enough to orient action. M2 therefore
treats goals as register-time objects: their identity depends on maintained rankings, records,
and policies over finite windows, not on an instantaneous score [4].



1.3 Common misreadings

Table 1: Common misreadings and corrections.

Misreading

Correction

Value means moral value.

Goal means conscious intention.

Reward is value.

Boundary
ethics.

maintenance

Stable goal means good goal.

implies

No. M2 defines FDS-value: operational boundary value
under a specified boundary, loss, horizon, intervention,

and cost model.

No. A goal is a stabilized ranking coupled to policy orienta-
tion; it can be implemented without reportable intention.
No. Reward is a proxy signal that can approximate or
diverge from causal boundary effect.

No.

Boundary maintenance is descriptive and model-

relative; it does not confer moral legitimacy.
No. Stability can become rigidity, trauma-like persistence,
institutional lock-in, or maladaptive commitment.

Table 2: Claim-status summary for M2. The table is an audit device: several entries are formal
or operational bridge claims, not established empirical results.

Claim ID

Tier

Claim

Failure or demotion condition

M2-001

M2-002

M2-003

M2-004

M2-005

M2-006

M2-007

M2-008

M2-009

Formal bridge

Operational bridge

Formal
bridge

/  model

Operational bridge

Operational bridge

Failure-mode bridge

Al / agency bridge

Social bridge

Recovery bridge

FDS-value is causal boundary-
gradient relevance under a specified
boundary, loss, intervention grammar,
horizon, and cost model.

Predictive relevance and causal FDS-
value are separable.

Value ranking can be expressed as an
ordering over finite-difference action,
admission, maintenance, or policy ef-
fects.

Near collapse thresholds, risk-
weighted FDS-value can dominate
average-loss value.

Goals are stabilized FDS-value rank-
ings coupled to policy orientation
across update windows.

Value drift occurs when rankings
change faster than the system can
verify, update, or maintain the rea-
sons for the change.

Proxy reward can diverge from causal
boundary value, creating reward hack-
ing or misalignment.

Collective goals are shared stabilized
rankings under finite verification and
coordination capacity.

Goal recovery can lag after resource
or threat recovery because rankings,
commitments, or threat priors persist.

Valuation cannot be operationalized
as causal effect on any specified fu-
ture boundary-maintenance loss un-
der valid mappings.

Correlational predictors always coin-
cide with intervention-relevant bound-
ary effects under audited systems.
No useful ordering exists between
evaluands and their causal boundary
effects under stated mappings.

Collapse-risk reduction never changes
ranking near boundary failure thresh-
olds under valid mappings.

Goal-like behavior persists without
ranking stability, memory, policy ori-
entation, or update-window persis-
tence.

Ranking instability produces no de-
tectable change in behavior, loss, or
policy under claimed goal systems.

Proxy optimization remains aligned
despite divergent finite-difference ef-
fects on host boundary loss.

Group goals show no relation to
shared rankings, institutional mem-
ory, verification capacity, or policy
orientation.

Goals relax immediately and with-
out lag after boundary load changes
in systems where goal hysteresis is
claimed.




2 FDS and M-series background

2.1 Active boundary relevance

The FDS core applies its deficit logic only to active-boundary systems. A minimal relevance
screen is

P(U(Mt, }/t) 75 Mt) > 0, I(Mt+1;€t+k) >0 (3)

for some k > 0. Empirical applications should strengthen this to an intervention or ablation test,

Eltir | do(U)] # Elli1 | do(Up)], (4)

where Uy is a null, frozen, randomized, or identity update [1]. M2 inherits this discipline: an
item is FDS-valuable only if selecting, admitting, maintaining, or acting on it can affect a future
boundary-relevant variable under the specified mapping.

2.2 Attention as the input condition

M2 evaluates only items that are available to the system’s update channel. M1 distinguished
availability, detection, and attention; attention occurs when a candidate distinction is admitted,
made recoverable or maintained, assigned a verification path or status, and made available for
downstream update or action [3]. Thus M2 does not rank all possible environmental differences.
It ranks evaluands that enter, or could enter, the system’s finite update-relevant channel.

2.3 Notation alignment

Throughout the paper fyaint denotes boundary-maintenance loss. It is not moral loss and
not physical entropy production. The physical entropy ledger, when relevant, is denoted
Yphys- Maintaining low £pain¢ may require physical resource cost under bridge assumptions, but
Crmaint 7 Zphys- Similarly, Rproxy denotes an instrumental or learned reward signal; it is not
automatically equal to FDS-value.

3 From candidate distinctions to stabilized goals

candidate distinctions
environment / memory / social signals
A
M1 attention admission
finite gate + verification path
A
M2 FDS-value evaluation
gross gain, net value, risk value

A
M2 ranking

boundary-relevance ordering

A
M2 goal stabilization

policy orientation over update windows

A
M3 meaning interface
actionable semantic quotient

Synthetic normal-form illustration: from environmental differences to stabilized goals and meaning interfaces.

Figure 1: Synthetic normal-form illustration, not empirical evidence. M2 sits between M1
attention admission and M3 meaning. Candidate distinctions are filtered by admission, evaluated
for FDS-value, ranked, risk-weighted, and stabilized into policy orientation.



The value-goal layer is not a free-standing theory of desire. It is a filtering and ranking layer.
Figure 1 summarizes the pipeline: environmental or internal differences must first become
candidate distinctions, pass attention admission, be evaluated for causal boundary effect, be
ranked under cost and risk constraints, and only then become stabilized goal orientations.
Meaning in M3 will depend on whether these ranked distinctions can be compressed without
losing action-relevant structure.

4 Definition: FDS-value as causal boundary-gradient relevance

Definition 1 (Evaluand). An evaluand is any admitted distinction, action, state, policy, record,
proxy, quotient, or externalized symbol whose admission, selection, maintenance, or use may
affect future boundary-maintenance loss. The set of evaluands available during an update window
is denoted Z;.

Table 3: Intervention grammar for evaluands. The symbol do(z) must be interpreted relative to
the type of evaluand being audited.

Evaluand type Intervention meaning

Distinction d Force admission or rejection of d into the update channel.
Action a Execute a rather than baseline action aqg.

Record m Maintain, delete, refresh, externalize, or ignore record m.

Policy 7 Deploy 7 instead of baseline policy mg.

Proxy R Condition downstream update or optimization on proxy signal R.
Symbol or quotient Use a compressed representation in downstream action, prediction,
q(d) verification, or coordination.

Institutional rule Adopt, enforce, suspend, or revise a rule within a stated institu-

tional boundary.

Definition 2 (Predictive relevance). An evaluand z has predictive relevance over horizon k if
conditioning on it improves prediction of future boundary-maintenance loss. Gross predictive
relevance is the observational association before cost:

Rpmd%ross(zf'; k) = E[emaint,t—o—k ‘ Mt] - E[Emaint,t—i-k ’ M, 2]7 (5)
and net predictive relevance subtracts scalarized cost:
Rpred?et(z; k‘) — RpredtgrOSS(Z; k‘) . AtCt(Z)- (6)

Predictive relevance is an observational proxy. It can be useful for forecasting but can mislead
when the evaluand is a marker rather than a lever.

Definition 3 (Gross causal boundary gain). Let 2z be a specified baseline, such as non-admission,
null action, frozen update, default policy, or no-maintenance. The gross causal boundary gain of
z is

GFDS(Z; k) = E[Emaint,t—l-k | Mtv dO(Zo)} - Ewmaint,t-&-k ’ Mt,dO(Z)]. (7)
Definition 4 (Net FDS-value). The net FDS-value of z is
Vit (2 k) = GUP8 (k) = (), (8)

where ¢;(z) is scalarized evaluation, verification, action, maintenance, latency, or opportunity
cost, and A\; converts that cost into boundary-loss-equivalent units.



Separating GFPS from V™" prevents double-counting. Gross gain measures boundary-loss
reduction before cost. Net FDS-value subtracts cost. Allocation heuristics can then use either
gross density or net density depending on the audit.

Definition 5 (Value density). For €, > 0, define

_ G{PS(zk)
oa(z) te

thet(z; k)

gross _ .
(2 k) ce(z) + e

: PP (2 k) = (9)
These are normal-form audit metrics, not universal decision rules. In hard allocation problems,
greedy density rules need not be globally optimal. In fractional or heuristic settings, they reveal

how finite systems trade expected boundary gain against evaluation and maintenance cost.

Proposition 1 (Predictive relevance is not causal FDS-value). A wvariable can predict future
boundary loss without being FDS-valuable in the causal sense if selecting, admitting, maintaining,
or acting on it does not change future boundary-maintenance loss under the system’s update
channel.

Proof sketch. Suppose z is correlated with an unobserved cause u that affects {iyaint 4%, SO
RPred&% (5. k) > 0. If intervention on z leaves the causal variables and downstream update
policy unchanged, then E[lyaint t+% | do(2)] = E[lmaint,t+% | do(20)] up to cost, and Eq. (8) is
nonpositive. Prediction is not intervention. ]

Synthetic normal-form illustration: predictive vs causal value
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Figure 2: Synthetic normal-form illustration, not empirical evidence. Predictive relevance and
gross causal boundary gain can diverge. Some variables are predictive-only warnings; others are
hidden causal levers that matter despite weak predictive salience.

5 Boundary-relevance ranking and evaluation deficit

Definition 6 (Boundary-relevance ranking). Given a boundary, loss, intervention grammar,
cost model, action/update space, and horizon, a boundary-relevance ranking is an ordering >



over evaluands such that
zi= 2y Af VP25 k) > V(255 k), (10)
or, when explicitly stated, by gross gain, risk-weighted value, or a vector-valued partial order.

A value ranking is therefore boundary-relative, horizon-relative, capacity-relative, and cost-
relative. If the boundary or horizon changes, the ranking can change without contradiction.
If the cost model changes, a high-gain but expensive evaluand can fall below a lower-gain but
cheaper one.

5.1 DMinimal M2 audit

A minimal M2 audit must pre-specify: boundary, loss, horizon, baseline, evaluand type,
intervention grammar, cost units, ranking method, uncertainty, and failure condition.
Without these, claims about value or goal remain under-specified.

5.2 Evaluation capacity and second-order deficit

Let Coval(t) be the system’s capacity for estimating and maintaining value rankings. Let Rg;l(e; t)
be the rate-distortion demand of maintaining a value ranking at tolerance e over update window
7. Define

Aeal(t) = R (&) — Cova(1). (11)

eval

When Agya > 0, verified ranking cannot be maintained at the target tolerance without compres-
sion, proxy substitution, externalization, task relaxation, or drift. This is a second-order deficit:
the system may have enough capacity to act but not enough capacity to evaluate all possible
actions precisely. In such cases, a finite system may rationally maintain coarse preferences or
heuristics instead of precise goals.

If evaluation is physically implemented, high-precision ranking may also carry energetic,
latency, memory-turnover, and verification costs. M2 treats these as scalarized or vector costs
rather than asserting a universal thermodynamic value cost. The point is operational: valuation
itself is not free.

6 Risk-weighted value near collapse thresholds

Average expected loss is not always sufficient. Near a boundary failure threshold, reducing
collapse probability may dominate improving mean performance. Let /. be a critical boundary-
loss threshold. Define

AzEE - Ewmaint,ﬂrk ’ Mt7d0(20)] - E[£maint,t+k ‘ Mt7d0(z)]7 (12)
Ach - P(£maint,t+k > gc ’ MtydO(ZO)) - P(emaint,tJrk > ec ’ Mt7d0(z))' (13)

The risk-weighted FDS-value is
VIS (2 k) = ALEL+ ap AL P — Mici(2). (14)

The first term is expected loss reduction. The second is collapse-risk reduction. Both are
positive when selecting z reduces boundary risk. The parameter oy converts collapse-probability
reduction into expected boundary-loss-equivalent units. It is not universal.
A bounded normal-form coupling to resource reserve is
Doy — @
crit t) ’ (15)

Qp = Qupin + (amax - amin) U( s
P



where o(z) = 1/(1 4 e™™) is the logistic sigmoid and s¢ > 0 is a steepness parameter. This
replaces the previous inverse-distance form that could diverge as ®; — ®,4t. In empirical or
numerical use, any coupling form should be bounded to avoid singular behavior near the resource
threshold. Equation (15) is an illustrative bridge: it says that systems near resource-critical
states may weight collapse-risk reduction more strongly. It is not asserted as a universal law.

Proposition 2 (Risk dominance near collapse). An evaluand with smaller average-loss reduction
can outrank an evaluand with larger average-loss reduction when it produces sufficiently larger
collapse-risk reduction.

Proof sketch. Let z; and z; have equal cost for simplicity. If A;El < A;E/ but

AP, — A;P. > w7 (16)

Qi

then Eq. (14) gives VIisK(z;; k) > VIsk(z;: k). O

1Sgnthetic normal-form illustration: risk-weighted ranking near threshold
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Figure 3: Synthetic normal-form illustration, not empirical evidence. A collapse-risk reducer can
outrank an average-loss improver as risk sensitivity increases near a critical boundary threshold.

7 Goals as stabilized FDS-value rankings

Definition 7 (Goal). A goal is a stabilized FDS-value ranking coupled to a policy orientation
across finite update windows. A goal state can be represented as

gt = (>t7ﬂ-gak) G,C), (17)

where ~; is a ranking, 7, a policy induced by the ranking, £ a horizon, € a stability tolerance,
and C a context or perturbation family.

Goal stability is a register-time property: a goal must persist across finite update windows
as a maintained ordering, rather than appearing only as an instantaneous reaction [4]. A



policy-based goal-stability index can use Jensen-Shannon divergence,

_ Dys(mg(- | My), mg(- | Mt+A>)>

(18)

GSI(t,A) = exp ( .
G

where og > 0 is a scale parameter. JS divergence is symmetric and bounded. If KL divergence is
used instead, empirical policies should be smoothed to avoid support-zero artifacts. A rank-based
version is

GSIr(t, A) =1- Drank(>t7 >t+A)’ (19)
where Drank S [07 1]

Proposition 3 (Goal requires stability). A high-valued action or distinction is not yet a goal.
Goal-like behavior requires stability of a ranking or policy orientation across update windows and
coupling of that stability to action selection.

Synthetic normal-form illustration: goal stability under perturbation
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Figure 4: Synthetic normal-form illustration, not empirical evidence. A goal-like policy preserves
a stable action orientation through perturbation better than a reflexive response. A commitment-
like policy is even more stable but may become rigid if the environment changes.

8 Proxy-boundary divergence and reward hacking

Reward is a proxy signal. It may approximate FDS-value, but it can also diverge. Let Rpoxy be
a proxy reward and /1.5t a host boundary-maintenance loss. For actions a; relative to baseline
ag, define
Ap(ai) = E[Rproxy | do(a;)] — E[Rproxy | do(ao)], (20)
Ag(ai> = E[ghost ‘ dO(CLZ‘)] — E[Ehost ’ dO(ao)]. (21)
A proxy is locally aligned with host boundary value when reward-increasing actions tend to
reduce boundary loss. A finite-difference alignment score is

B (AR, A)
IAR| 1Al + €atign’

Align (R, () = (22)

9



where €plign > 0 is a small regularizer that prevents division by zero. If either vector has
near-zero norm, the alignment estimate should be reported with a low-information flag; the
regularized score is only a numerical placeholder, not evidence of alignment. The unregularized
form in a pre-registration may use €ajign = 0 with a pre-specified zero-vector handling rule. The
negative sign reflects that reward increases should correspond to loss decreases.

Proposition 4 (Proxy reward can invert FDS-value). If an action increases proxy reward while
also increasing host boundary-maintenance loss, then it is proxy-positive but boundary-negative.

This is a minimal FDS account of reward hacking. A delegated model may optimize a
proxy score outside the distribution where that proxy tracked host boundary loss. In FDS
terms, the proxy preserves reward ranking while losing boundary-gradient relevance. A semantic
compression or proxy quotient that worked in the training regime can false-compress critical
distinctions under distribution shift.

Recent LLM alignment work provides concrete cases where proxy reward and target quality
diverge. Reward models can be exploited under distribution shift and preference inconsistency
[19], and LLM agents trained or prompted in gameable settings can generalize from specifica-
tion gaming toward reward-tampering behavior [20]. Reward overoptimization has also been
formalized for direct alignment algorithms, where proxy objectives improve while true quality
can plateau or deteriorate [21].

Synthetic normal-form illustration: proxy reward vs boundary value
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Figure 5: Synthetic normal-form illustration, not empirical evidence. Proxy reward can increase
while host boundary loss also increases. These actions are proxy-positive but boundary-negative.
The y-axis shows Ay (host boundary-loss effect); the x-axis shows ARproxy (proxy reward
effect).

9 Value drift and evaluation failure

Definition 8 (Value drift). Value drift occurs when a boundary-relevance ranking changes
faster than the system can verify, update, or maintain the reasons for the change.

10



One audit form is
Drank(>’t7 >'t+A) > 5drift while Confverify(t7 t+ A) < everify- (23)

Under evaluation deficit, systems may substitute salience, reward proxy, social proof, short-
horizon risk, or institutional defaults for verified causal value. This does not necessarily mean
failure: heuristics can be necessary. But when substitution is hidden, value drift can masquerade
as stable goal pursuit.

Proposition 5 (Evaluation deficit produces drift pressure). When evaluation demand exceeds
maintained ranking capacity under finite evaluation capacity, no hidden capacity expansion, and
no task relaxation, a system must compress, externalize, simplify, or drift. Under deficit, salience,
proxy reward, or short-horizon risk may substitute for verified causal FDS-value.

Synthetic normal-form illustration: second-order evaluation deficit

1.0 4 i
i
1
i
1
0.8 :
1
1
1
g
9 0.6 1 verified ranking accuracy
ko] salience substitution
_8 proxy dependence
g coarse preference
5 0.4 1 value drift
1
c 1
1
1
1
i
0.2 4 !
1
1
1
1
i
1
0.0 - H

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
evaluation capacity deficit Aeya;

Figure 6: Synthetic normal-form illustration, not empirical evidence. As evaluation capacity
deficit rises, verified ranking accuracy falls while salience substitution, proxy dependence, coarse
preference, and value drift increase.

10 Multi-goal conflict and vector FDS-value

Many systems maintain multiple boundary variables. A biological system may trade energy,
temperature, immune risk, and reproduction. An organization may trade solvency, legitimacy,
throughput, and safety. A single scalar value can hide conflict.

Let €, € R™ be a vector of boundary-maintenance losses. Define gross vector boundary
gain as

GIDS(z: k) = B[, | My, do(20)] — E[€yys | My, do(2)]. (24)

The cost should not be subtracted as a scalar from a vector without a conversion map. One may
keep the audit as (GFPS(2; k), c4(2)) or define

Vi (2 k) = GEPS (21 k) — Aer(2), (25)

11



where A\; converts scalarized cost into each boundary-loss dimension.

A scalar ranking is then a choice of scalarization, not a universal value order. Pareto-
incomparable policies can both be rational relative to different boundary priorities.

Recent multi-objective reinforcement-learning work is directly relevant to M2’s vector-value
view. MORL has been proposed as a tool for pluralistic alignment when scalar reward is
insufficient for multiple conflicting values or stakeholders [22]. Pareto-front discovery methods
such as C-MORL illustrate the algorithmic difficulty of maintaining multiple tradeoff policies
rather than collapsing objectives into one scalar [23].

Synthetic normal-form illustration: multi-goal conflict and Pareto front
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Figure 7: Synthetic normal-form illustration, not empirical evidence. Multi-goal systems can
face Pareto conflict. A single scalarization selects one tradeoff but does not erase the underlying
boundary-dimension conflict.

11 Collective goals and ranking synchronization

A collective goal is not merely a slogan or aggregate preference. It requires a shared ranking
that is maintained across agents, institutions, records, and update windows.

Definition 9 (Collective goal). A collective goal is a shared boundary-relevance ranking >$hared
coupled to collective policy channels, institutional memory, and verification procedures such that
it remains stable enough to orient group action over a specified horizon.

A minimal collective-goal condition is
GSTMed(t A) >y, Aligh, i (Tpoticy, =5"271) > 7. (26)
One simple alignment score is
Align, i (7, ) = Eanr[r-(a)], (27)

where 7y (a) € [0,1] is a normalized rank score assigned to action a by the shared ranking. A
simpler top-k audit is

| TOpk (Wpolicy) N Topk (>_Shared ) |

k

Ahgntop—k = (28)

12



M2 does not solve social choice. It is compatible with social-choice impossibility results
but addresses a different bottleneck: finite verification and synchronization of shared rankings.
Collective rankings can fail not only because individual preferences conflict, but because members
update on different evidence, at different timescales, through different verification channels. In
FDS terms, asynchronous update can create non-Markovian noise in >§hared.

11.1 Ranking synchronization demand

Collective goal stability requires not only shared rankings but sufficient communication and
verification bandwidth to synchronize rankings across agents. Define the ranking synchronization
demand Rgzlc(e; t) as the rate-distortion demand of maintaining =$"®*d within tolerance ¢ over
window 7 across N agents. The synchronization load factor is

RGhe(et)
Ccomm (t) + C’verify (t) '

Zsyne(t) = (29)
When Zgyc(t) > 1, shared ranking stability degrades: Gsrshared (¢ A) | Collective goal failure
can thus occur not only because members disagree, but because the system lacks enough
communication and verification bandwidth to synchronize value rankings across update windows.

12 Goal hysteresis and recovery lag

Goals can persist after the conditions that made them valuable have changed. This can be
useful: commitments and institutional rules prevent constant re-ranking under noise. But it can
also produce rigidity. A crisis-induced ranking can remain after the crisis ends because records,
routines, threat priors, or institutional incentives decay slowly.

A minimal normal-form is

Q41 = clip((l — p)a + prtarget (Pt €r) + hi, Qmin, amax)a hiy1 = xhi + Clg>e,,  (30)

where h; is goal-locking residue, measured in the same units as o (or scaled into those units
before entering Eq. (30)), 0 < x < 1 is persistence, and ( is crisis accumulation strength.
Clipping ensures oy remains within [@min, Qmax] even under high crisis accumulation, preventing
unbounded growth of risk sensitivity. Even after resource or threat recovery, h; can keep
risk-weighted rankings narrow.

13



Synthetic normal-form illustration: goal hysteresis and recovery lag
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Figure 8: Synthetic normal-form illustration, not empirical evidence. Crisis load increases
risk-weighting and narrows ranking diversity. After the crisis interval, goal rigidity can persist
due to goal-locking residue.

13 Domain audit examples

Table 4: Audit templates, not empirical confirmations. Illustrative domain audit mappings.
Each row requires domain-specific bridge assumptions and empirical tests.

Domain Boundary variable Loss Evaluand Failure mode

Al agent host objective; system  host boundary loss reward proxy; tool ac- reward hacking; proxy
integrity tion inversion

Organism metabolic, membrane, viability loss nutrient cue; avoidance  maladaptive craving;
homeostatic state action risk blindness

Organization solvency, legitimacy, institutional loss KPI; policy; budget metric gaming; goal
throughput, safety choice displacement

Science error correction, repli- epistemic loss paper; claim; method; citation-proxy  drift;
cation, evidence qual- standard false consensus
ity

Civilization verification capacity, collapse risk law; archive; protocol; goal rigidity; institu-
memory, law, infras- norm tional lock-in
tructure

14 Normal-form model and reproducibility

The accompanying code implements deterministic synthetic normal-form illustrations. The
model is not empirical evidence. It is a consistency and visualization device that maps the
definitions to simple state variables.

The model generates candidate evaluands with predictive relevance, gross causal boundary
gain, cost, collapse-risk reduction, proxy reward effects, boundary-loss effects, vector boundary
gains, evaluation deficit, and goal-locking residue. It implements predictive-causal dissociation,
risk-weighted ranking, goal-stability trajectories, proxy-boundary divergence, second-order
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evaluation deficit, multi-goal Pareto conflict, and goal hysteresis. The random seed is fixed
in code/generate _results.py. CSV outputs are stored in data/; figure pairs are stored in
figures/.

Table 5: Normal-form variable map. All entries are illustrative, not fitted empirical quantities.

Simulation variable Paper definition Interpretation

predictive relevance Eq. (5) observational association with future loss

gross causal gain Eq. (7) expected boundary-loss reduction before
cost

net FDS-value Eq. (8) gross gain minus scalarized cost

risk sensitivity Eq. (14) collapse-risk weighting near threshold

proxy reward effect Eq. (22) finite-difference reward effect

boundary-loss effect Eq. (22) finite-difference host loss effect

evaluation deficit Eq. (11) inability to maintain verified ranking

vector gain Eq. (24) multi-boundary value dimensions

goal hysteresis Eq. (30) delayed relaxation of crisis ranking

15 Protocols and tests

Protocol 1 (Causal FDS-value audit). Pre-register boundary variable, loss function, horizon,
baseline, evaluand type, intervention grammar, and cost model. Estimate gross causal boundary
gain and net FDS-value with uncertainty intervals.

Protocol 2 (Predictive-relevance—causal dissociation test). Identify variables that predict future
loss but do not change future loss under intervention. M2 predicts that these should not count
as causal FDS-value unless they alter downstream update, action, verification, or coordination.

Protocol 3 (Risk-weighted ranking test). In simulation, controlled proxy environments, or
naturally occurring near-threshold states, evaluate whether collapse-risk reducers rise in ranking
even when their average-loss improvement is smaller.

Protocol 4 (Evaluation-deficit test). Increase evaluation load or reduce evaluation capacity.
Prediction: rankings become noisier, coarser, more proxy-driven, more salience-driven, or more
short-horizon risk-dominated.

Protocol 5 (Goal-stability test). Measure ranking or policy persistence across update windows
and perturbations. Reflexive systems should show low GSI; goal-like systems should preserve
nontrivial ranking stability.

Protocol 6 (Proxy divergence / reward-hacking audit). Compare proxy reward effects with
true boundary-loss effects. Misalignment occurs when proxy reward increases while boundary
loss also increases, or when proxy-boundary alignment falls below a pre-registered threshold.

Protocol 7 (Multi-goal conflict audit). Specify multiple boundary variables. Test whether
scalar value rankings hide Pareto conflict, forced pruning, or transfer of loss from one boundary
dimension to another.

Protocol 8 (Collective goal audit). For organizations or societies, identify shared rankings,
institutional memory, verification channels, and policy outputs. Test whether collective goals
persist as stabilized rankings rather than episodic slogans.
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16 Relation to existing fields

Decision theory and utility. FDS-value resembles utility only after a boundary, loss, cost,
intervention grammar, action space, and horizon are specified. It is not universal utility [6, 7].

Reinforcement learning and reward. Reinforcement learning formalizes reward-driven
policies, value functions, and Markov decision processes [8, 9]. M2 treats reward as a proxy that
may approximate or diverge from boundary effects. Inverse reinforcement learning and preference
learning study how objectives can be inferred or learned, but M2 emphasizes intervention-audited
boundary effects [10].

Goodhart, reward hacking, and specification gaming. Metric gaming and reward
misspecification are natural cases of proxy-boundary divergence: optimizing a proxy can destroy
the boundary relationship that made the proxy useful [11-13, 19-21].

Prospect theory and boundary-risk asymmetry. Prospect-theoretic loss asymmetry
can be reinterpreted in M2 as boundary-risk asymmetry near critical thresholds: collapse-risk
reduction can dominate average gain [14].

Control theory and viability. Boundary-maintenance loss and viable sets connect M2 to
control and viability theory [15, 16]. M2 adds explicit finite distinction capacity and value-ranking
audits.

Multi-objective optimization and social choice. Vector boundary value and Pareto
conflict connect to multi-objective optimization and social choice [17, 18, 22, 23]. M2 does not
solve aggregation impossibility; it adds finite verification and ranking-synchronization constraints.

17 Limitations and falsification

M2 is intentionally limited. It does not establish a general empirical theory of value by definition.
It provides mappings that must survive operational audit. The framework is weakened or
demoted under any of the following results:

1. value-like ranking under a specified mapping shows no relation to causal boundary effects,
costs, or horizons;

2. predictive and causal effects are never dissociable in systems claimed to require intervention
audit;

3. risk-weighted ranking never changes near critical boundary thresholds under valid mappings;

4. goal-like behavior persists without any ranking stability, memory, policy orientation, or
update-window persistence;

5. proxy reward remains aligned despite pre-registered divergent finite-difference effects on
host boundary loss;

6. multi-goal systems always admit a scalar ranking without hidden Pareto conflict or forced
loss transfer;

7. collective goals show no relationship to shared ranking, verification capacity, institutional
memory, or policy output;

8. claimed goal hysteresis disappears under controlled recovery tests where load reduction
should reveal persistent ranking lock-in.
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18 Conclusion

M2 defines value and goal as finite-system ranking operations. FDS-value is not moral value,
reward, preference, or intrinsic worth. It is causal boundary-gradient relevance under a specified
boundary, loss, intervention, cost, and horizon. Goal is not merely high value. It is a stabilized
FDS-value ranking coupled to policy across update windows.

The central chain is

admitted evaluand — gross causal boundary gain — net / risk-weighted FDS-value

(31)

— ranking — goal stability — policy / update — future boundary loss.

18.1 High-level goals as invariant-compression candidates

In FDS terms, high-level goals such as survival, freedom, justice, or scientific truth can be
interpreted as candidate invariant-compressions: compact rankings that remain boundary-
relevant across many contexts, perturbations, and update windows. A goal g* is an invariant
goal candidate if net FDS-value remains positive across a broad context family C,

V(g% k,c) >0 for many c € C, (32)
and goal stability remains above threshold,
GSI(g*;t,A) > 7, (33)

under a perturbation family P. This does not morally validate any high-level goal. It only
states that, under a specified system boundary and context family, some goals may function
as compact stable rankings with broad boundary relevance. This bridges M2’s stable positive-
boundary-gradient rankings to M3’s compressed actionable semantic quotients: high-level goals
are those rankings that compress well without losing boundary relevance across contexts.

M2 prepares later work. M3 can treat meaning as compression that preserves value-relevant
action structure. M5 can analyze trust as delegated evaluation and verification. A2 can
audit proxy reward against host boundary value. S2 and S3 can treat epistemic pollution and
institutional collapse as collective value-ranking failures. G3 and G4 can treat science and
civilization memory as infrastructures for correcting and stabilizing shared value maps.

Code and data availability

The deterministic synthetic normal-form code, figures, and CSV outputs are included in the
replication package. Run python code/generate results.py from the paper directory to
regenerate all figures and data.

Al assistance disclosure

The author used Al assistance for drafting, editing, simulation scaffolding, and consistency checks.
The author reviewed and selected the final claims, definitions, equations, and interpretations.
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A M-series dependency map

Table 6: How M2 supports later M-series and civilization-layer papers.

Future paper

Interface supplied by M2

M3 Meaning

M5 Trust
A2 AT Alignment

S2 Epistemic Pollution
S3 Institutional Collapse

G3 Science

G4 Civilization Memory

Meaning must preserve value-relevant action structure under compres-
sion.

Trust reduces repeated evaluation and verification cost.

Proxy reward must be audited against host boundary FDS-value.
Pollution distorts collective value rankings and verification.
Institutions can fail through value drift, proxy capture, or goal rigidity.
Scientific method helps separate predictive relevance from causal value.
Archives and standards stabilize value-relevant records across time.

Notation summary

Table 7: Notation used in M2.

Symbol Meaning

z evaluand: distinction, action, state, policy, record, proxy, quo-
tient, or symbol

20 baseline evaluand or null intervention

Cmaint boundary-maintenance loss

GIPS(2: k) gross causal boundary gain

Vet (25 k) net FDS-value after cost
“Sk(z k) risk-weighted FDS-value near collapse thresholds

c(2) scalarized evaluation, verification, action, maintenance, latency,
or opportunity cost

At cost-to-boundary-loss conversion factor

oy collapse-risk-to-boundary-loss conversion factor

b, resource reserve / budget state

Derit critical resource threshold

Coval(t) evaluation capacity

Agval(t) evaluation capacity deficit

¢ boundary-relevance ranking at time ¢

Ty goal-induced policy

GSL,; policy-based goal-stability index

GSIL, rank-based goal-stability index

Rproxy proxy reward signal

Align (R, ?) finite-difference proxy-boundary alignment score (regularized)

GFDS vector gross causal boundary gain

At vector cost conversion map

hy goal-locking residue / hysteresis state

X hysteresis persistence factor

¢ crisis accumulation strength

Rpred tgrOSS (Z, k)

Rprednet (Z k)
Rl

gross predictive relevance (observational association with future
loss)
net predictive relevance after cost

ranking synchronization demand

18



Symbol Meaning

Zsyne(t) collective ranking synchronization load factor
Djs Jensen—Shannon divergence

ofe goal-stability divergence scale

€Align alignment regularizer

Q'min, Qmax, S bounded risk-sensitivity parameters
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