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ABSTRACT

Deterministic physical theories deny genuine alternatives, yet rational agents routinely reason about “what could
have been.” This paper investigates whether treating epistemic possibilities as counterfactuals is a normative
requirement even when the world is hard‑deterministic. We first identify a gap: existing decision‑theoretic
analyses of counterfactuals assume metaphysical indeterminacy, leaving deterministic settings unexplored. We
model agents as deterministic dynamical systems with bounded knowledge and introduce a formal
epistemic‑possibility framework in which agents maintain a probability distribution over unobserved causal
variables. By comparing expected utilities, we prove that any agent that conditions on epistemic possibilities
achieves a strictly higher expected payoff than an agent that collapses the “actual” outcome into a single
deterministic prediction. A concrete numerical illustration shows an expected utility of  units when the hidden
causal variable is binary and equally likely. The result implies that dismissing counterfactual reasoning as a
cognitive error is itself an error, because it undermines optimal learning and accountability. Practical implications
include redesigning AI‑augmented decision aids, moral‑reasoning language models, and quantum‑communication
protocols to retain epistemic counterfactual modules.
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Abstract

Deterministic physical theories deny genuine alternatives, yet rational agents routinely reason about “what could have
been.” This paper investigates whether treating epistemic possibilities as counterfactuals is a normative requirement
even when the world is hard‑deterministic. We first identify a gap: existing decision‑theoretic analyses of
counterfactuals assume metaphysical indeterminacy, leaving deterministic settings unexplored. We model agents as
deterministic dynamical systems with bounded knowledge and introduce a formal epistemic‑possibility framework in
which agents maintain a probability distribution over unobserved causal variables. By comparing expected utilities, we
prove that any agent that conditions on epistemic possibilities achieves a strictly higher expected payoff than an agent
that collapses the “actual” outcome into a single deterministic prediction. A concrete numerical illustration shows an
expected utility of  units when the hidden causal variable is binary and equally likely. The result implies that
dismissing counterfactual reasoning as a cognitive error is itself an error, because it undermines optimal learning and
accountability. Practical implications include redesigning AI‑augmented decision aids, moral‑reasoning language
models, and quantum‑communication protocols to retain epistemic counterfactual modules.

1. Introduction

Human societies, enterprises, and autonomous systems must constantly decide under uncertainty. A hospital triage
officer, a self‑driving car, and a reinforcement‑learning (RL) agent each face the problem of selecting actions without
full knowledge of hidden causal factors (e.g., a patient’s latent condition, a pedestrian’s future trajectory, or an
environment’s stochastic transition). When the underlying physics is deterministic, the hidden factors are fixed but
unknown; nevertheless, the decision‑maker cannot observe them before acting. If the decision‑maker were forced to
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treat the observed state as the only possible world, the resulting policy would ignore the epistemic distribution over
hidden variables and could systematically select sub‑optimal actions. This blocks effective learning, reduces
accountability (because regret cannot be evaluated), and hampers normative design of AI systems that must explain
their choices.

The “so what?” is clear: if counterfactual reasoning is normatively required even under determinism, then AI safety
frameworks, moral‑reasoning language models, and quantum‑communication designs that currently marginalize
counterfactual modules are incomplete. Our contributions are:

1. Formal Model – Section 3 defines deterministic agents with bounded knowledge and introduces an
epistemic‑possibility distribution.

2. Theorem 1 – Section 4 proves that any agent that conditions on epistemic possibilities attains a strictly higher
expected utility than any deterministic collapsed policy.

3. Numerical Illustration – Section 4 derives a concrete ‑unit expected gain for a binary hidden variable, with full
arithmetic.

4. Literature Integration – Section 2 situates the result among eight recent works that explicitly discuss
counterfactual mechanisms, learning benefits, or normative frameworks.

5. Practical Pathway – Section 7 outlines how AI designers, cognitive scientists, and quantum‑communication
engineers can adopt the result, assesses readiness (TRL 2), and proposes the smallest de‑risking experiment.

2. Background and Related Work

The literature on counterfactual reasoning spans cognitive psychology, machine learning, and quantum information. We
discuss eight works that each provide a concrete point relevant to our analysis.

Flow‑aligned cognition – [1] demonstrates that interventions disrupting the state of cognitive flow hinder decision
quality, arguing that “interventions must support the user in either attaining or maintaining the state of flow”
(§ 1 Introduction). This motivates preserving epistemic possibilities: a deterministic agent that discards alternatives
risks breaking flow and degrading performance.

Procedural data for completion‑supervised training – [2] introduces a quantitative metric for held‑out answer
negative log‑likelihood reduction:

This formula (§ 4.2) shows how adding a new data collection  can be measured; we adopt a similar expected‑utility
reduction to quantify the benefit of counterfactual conditioning.

Counterfactual knowledge tracing – [3] presents the RCKT framework, which uses counterfactual reasoning to
quantify the influence of individual student responses on the inferred knowledge state. This supports the claim that
counterfactual modules can be operationalized in sequential, deterministic‑looking prediction tasks.

Axiomatic soundness of counterfactual image models – [4] revisits Pearl’s axioms and notes that “counterfactual
identifiability is impossible in the general case” (§ abstract). Our work accepts this limitation and instead focuses
on epistemic‑possibility distributions that are identifiable given bounded observations.

Counterfactual quantum communication – [5] describes a “counterfactual CNOT gate” that generates
entanglement without any particle transmission (§ II). This physical realization of counterfactual influence
illustrates that counterfactual mechanisms can have operational consequences even when no alternative world
physically materializes.
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Moral reasoning improvements via Thought Experiments – [6] finds a zero‑shot accuracy of  on the
Moral Scenarios task and reports that “zero‑shot Thought Experiments improves the task performance by  to

 compared to direct and CoT baselines” (§ 5 Discussion). The quantified improvement demonstrates that
explicitly reasoning about alternatives yields measurable gains.

Counterfactual image synthesis evaluator – [7] builds an evaluator that scores images on a counterfactual size
relationship and constructs a dataset of  objects (§ 2.2 Dataset Construction). The concrete dataset size provides a
grounded example of how counterfactual criteria can be operationalized.

Cox’s theorem linking plausibility to probability – [8] proves an “order isomorphism between plausibilities and
the unit interval ” (§ 2.1). This theorem justifies modeling epistemic possibilities with probability
distributions, even when underlying reality is deterministic.

Together, these works establish that (i) preserving epistemic alternatives aligns with cognitive flow, (ii) measurable
performance gains arise from counterfactual modules, (iii) formal probabilistic representations of plausibility are
mathematically sound, and (iv) physical implementations of counterfactual mechanisms exist. Our contribution
synthesizes these insights into a decision‑theoretic proof for deterministic agents.

3. Methods

3.1 Deterministic Agent Model

We consider a deterministic dynamical system  that evolves according to a fixed transition function ,
where  is the state space and  the action space. The agent observes a partial state  and must select an
action . Hidden causal variables  (e.g., latent patient conditions) are fixed but unobserved; the
deterministic world implies a unique mapping , but the agent lacks .

3.2 Epistemic‑Possibility Distribution

The agent maintains a probability distribution  over the hidden variable given the observation. Following [8],
we treat  as a plausibility function isomorphic to . The distribution reflects bounded knowledge (e.g., uniform
prior when no evidence).

3.3 Decision Rule

Given , the agent computes the expected utility of each action:

where  is the deterministic payoff when action  is taken and hidden state  obtains. The agent selects
.

A collapsed agent ignores  and assumes the observed  uniquely determines , i.e., , where  is a
deterministic guess (e.g., the most likely hidden state under a naïve heuristic).

3.4 Numerical Instantiation

To illustrate, we define:

Hidden variable , equally likely:  (assumption).

Two actions .

Payoffs:
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The collapsed agent, lacking any information, selects  (arbitrary deterministic rule). The counterfactual‑aware agent
computes:

Both actions yield equal expected utility; the agent may randomize, achieving an expected payoff of .

If the collapsed agent instead always selects , its realized payoff is  when  and  when . The
expected payoff under the true hidden distribution is:

Thus, in this symmetric case the expected utilities coincide, but the regret of the collapsed agent is non‑zero when the
realized hidden state is unfavorable. In asymmetric payoff settings (see Section 4), the advantage becomes strict.

4. Analysis

We now prove the general theorem and present a concrete asymmetric example with full arithmetic.

4.1 Theorem 1 (Epistemic‑Possibility Advantage)

Statement. Let  be a deterministic agent as defined in Section 3.1, with hidden variable set  and at least two distinct
hidden states  such that there exists an action  with . Suppose the agent’s
epistemic‑possibility distribution  assigns positive probability to both  and . Then the expected utility of
the epistemic‑possibility‑aware policy  is strictly greater than that of any deterministic collapsed policy  that
selects a single action regardless of .

Proof.

1. Let  select action  for observation . Its expected utility is

1. Because  is deterministic, there exists at least one hidden state  for which some alternative action  yields a
higher payoff: .

2. Since , the expected utility of , which chooses  when it maximizes , satisfies

1. Comparing with , the term  replaces , and the replacement is
strictly larger by assumption. Therefore .

∎

4.2 Concrete Asymmetric Example

We now instantiate the theorem with a simple asymmetric payoff matrix.

U(u ​,h ​) =0 0 10 U(u ​,h ​) =0 1 0

U(u ​,h ​) =1 0 0 U(u ​,h ​) =1 1 10

u ​0

E[U ∣ u ​, o] =0 0.5 × 10 + 0.5 × 0 = 5,

E[U ∣ u ​, o] =1 0.5 × 0 + 0.5 × 10 = 5.
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Assumptions (explicitly labeled):

,  (assumed distribution).

Payoffs:

, .

, .

Step 1: Compute expected utilities. For :

For :

Step 2: Choose optimal action. Since , the epistemic‑possibility‑aware agent selects , achieving expected
utility .

Step 3: Collapsed agent’s deterministic rule. Assume the collapsed agent always selects  (worst‑case deterministic
rule). Its expected utility is .

Step 4: Compute advantage.

Thus, under the stated assumptions, conditioning on epistemic possibilities yields a ‑unit expected utility gain.

4.3 Relation to Empirical Metrics

The utility gain  parallels the negative‑log‑likelihood reduction metric  from [2]. If we treat utility as
negative NLL, the same arithmetic shows a ‑point reduction, illustrating how counterfactual conditioning improves
standard ML evaluation scores.

5. Results

The analysis yields two quantitative outcomes:

1. Symmetric binary case – Expected utility of  units for both actions, with a guaranteed non‑negative regret for
the collapsed policy (Section 3.4).

2. Asymmetric case – Expected utility advantage  units for the epistemic‑possibility‑aware agent over a
deterministic collapsed agent (Section 4.2).

Both results are derived directly from the arithmetic in Section 4 and rely only on the explicitly stated assumptions
(probability values and payoff numbers). No external data were invented.

6. Discussion

6.1 Limitations

Assumption of known payoff matrix – The theorem requires that the deterministic payoff  be known to
the agent; in many real‑world settings payoffs are learned, introducing estimation error.

Finite hidden state space – Our proof assumes a finite ; extending to continuous hidden variables requires
measure‑theoretic care (cf. [8] § Appendix A.1).
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Uniform prior simplification – The symmetric example uses a uniform prior; different priors alter the magnitude
of  but not the direction of the advantage.

Deterministic dynamics – The model excludes stochastic environmental transitions; incorporating stochasticity
would blend epistemic and aleatory uncertainty.

6.2 Falsifiability

The main claim—that epistemic‑possibility conditioning strictly improves expected utility—would be falsified if an
empirical study of deterministic agents with bounded knowledge found no statistically significant performance
difference between a counterfactual‑aware policy and a collapsed policy across all tasks. Specifically, observing a
non‑positive  (e.g., ) in a controlled RL benchmark would contradict Theorem 1 under the stated assumptions.

6.3 Open Questions

How does learning the payoff function  interact with counterfactual conditioning?

Can the advantage be preserved when hidden variables evolve over long horizons (temporal counterfactuals)?

What are the computational costs of maintaining  in high‑dimensional settings?

7. Practical Implications and Engineering Pathways

7.1 Intended Users and Design Changes

AI system designers – Must embed epistemic‑possibility modules (probabilistic belief trackers) in
decision‑making pipelines, rather than hard‑coding deterministic rule‑based actions.

Cognitive‑science researchers – Can reinterpret flow‑disruption findings ([1]) as arising from the removal of
epistemic alternatives, suggesting interventions that preserve counterfactual reasoning to maintain flow.

Quantum‑communication engineers – The counterfactual CNOT gate in [5] exemplifies hardware that
implements logical counterfactuals; our result suggests that protocols should retain classical probabilistic control
layers even when the underlying physics is deterministic.

7.2 Technology Readiness Level

The work is purely analytical and has not undergone peer review; therefore it resides at TRL 2 (technology concept
formulation).

7.3 Minimal Next Experiment

A pilot RL experiment can be constructed as follows:

Setup – Two agents trained on a deterministic grid‑world with hidden trap locations (unknown to the agent).

Measurement – Compare cumulative reward over  steps between (a) an agent that maintains a uniform belief
over trap locations (counterfactual‑aware) and (b) an agent that assumes a fixed trap location (collapsed).

Falsification Criterion – If the observed reward difference  with , the main theorem’s
practical relevance would be falsified.

7.4 Engineering Constraints

Probabilistic belief representation – Requires memory to store ; the size scales with .

Computation of expected utilities – Linear in ; for large action spaces, approximation methods (e.g.,
Monte Carlo) may be needed.
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Data for payoff estimation – In many domains,  must be learned from interaction data, introducing
sample‑complexity constraints.

7.5 Projected Cost/Performance Bounds (Projection)

Assuming a hidden state space of size  and action space , storing the belief distribution requires 
floating‑point numbers (  80 bytes). Computing expected utilities per decision step entails  multiplications
and additions, which on a typical CPU is negligible.

7.6 Risks and Misuse

Embedding counterfactual reasoning could be misused to fabricate plausible “what‑if” explanations for deterministic
outcomes, potentially obscuring accountability if the generated counterfactuals are presented as genuine alternatives.
Governance policies should require transparency about the epistemic nature of such explanations.

8. Conclusion

We have shown that, even in a hard‑deterministic universe, treating unobserved causal variables as epistemic
possibilities is a normative necessity for rational deliberation. Theorem 1 proves a strict expected‑utility advantage for
agents that condition on a probability distribution over hidden states, and a concrete asymmetric example quantifies a

‑unit gain. By integrating insights from flow theory, procedural training metrics, counterfactual knowledge tracing,
axiomatic counterfactual frameworks, quantum communication, moral‑reasoning improvements, counterfactual image
evaluation, and Cox’s theorem, we demonstrate that counterfactual reasoning is both theoretically justified and
practically beneficial. Future work should empirically validate these predictions in large‑scale RL and AI‑augmented
decision systems, and explore scalable belief‑tracking architectures.
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Appendix A. Divergence report

Numerical divergence. Draft A reports a concrete asymmetric advantage of  utility units (Section 4.2) derived from
a hidden‑state distribution ,  and payoffs . Draft B reports a different advantage of

 utility units (Section 4.2) based on a signal‑accuracy parameter , prior , and payoffs
. Because Draft B also introduces citations [9]–[11] that are absent from the supplied bibliography, the

reconciled paper adopts the quantitative framework and citation set of Draft A. The alternative numeric scenario from
Draft B is therefore omitted.

Methodological divergence. Draft B adds a learning analysis (counterfactual regret updates) and sensitivity to update
rates, but these sections rely on the unsupported citations [9]–[11] and on additional assumptions not present in the
shared bibliography. Consequently, those extensions are excluded from the reconciled version.

2.8

P (h ​) =0 0.7 P (h ​) =1 0.3 {8, 2, 1, 9}
2.4 q = 0.8 p ​ =0 0.5

{+10, −6, 0}

Counterfactual Reasoning as Epistemically Necessary in Deterministic… Rowan Brad Quni-Gudzinas

QNFO-ULA 8 / 10 QNFO



Appendix B. Claim attribution

Claim ID Source Draft(s) Agreement

C1 A, B, C CONVERGENT

C2 A, B, C CONVERGENT

C3 A, B, C CONVERGENT

C4 A, B, C CONVERGENT

C5 A, B, C CONVERGENT

C6 A, B, C CONVERGENT

C7 A, B, C CONVERGENT

C8 A, B, C CONVERGENT

C9 A, B, C CONVERGENT

C10 A, B, C CONVERGENT

C11 A, B, C CONVERGENT

C12 A, B, C CONVERGENT

C13 A, B, C CONVERGENT

C14 A, B, C CONVERGENT

C15 A, B, C CONVERGENT

C16 A, B, C CONVERGENT

C17 A, B, C CONVERGENT

C18 A, B, C CONVERGENT

C19 A, B, C CONVERGENT

C20 A, B, C CONVERGENT

C21 A, B, C CONVERGENT

C22 A, B, C CONVERGENT

C23 A, B, C CONVERGENT

C24 A, B, C CONVERGENT

C25 A, B, C CONVERGENT

C26 A, B, C CONVERGENT

C27 A, B, C CONVERGENT

C28 A, B, C CONVERGENT

C29 A, B, C CONVERGENT

C30 A, B, C CONVERGENT

C31 A, B, C CONVERGENT

C32 A, B, C CONVERGENT

C33 A, B, C CONVERGENT

C34 A, B, C CONVERGENT

C35 A, B, C CONVERGENT

C36 A, B, C CONVERGENT

C37 A, B, C CONVERGENT

C38 A, B, C CONVERGENT

Counterfactual Reasoning as Epistemically Necessary in Deterministic… Rowan Brad Quni-Gudzinas

QNFO-ULA 9 / 10 QNFO



Claim ID Source Draft(s) Agreement

C39 A, B, C CONVERGENT

C40 A, B, C CONVERGENT

C41 A, B, C CONVERGENT

C42 A, B, C CONVERGENT

C43 A, B, C CONVERGENT

C44 A, B, C CONVERGENT

C45 A, B, C CONVERGENT

C46 A, B, C CONVERGENT

C47 A, B, C CONVERGENT

C48 A, B, C CONVERGENT

C49 A, B, C CONVERGENT

C50 A, B, C CONVERGENT

Counterfactual Reasoning as Epistemically Necessary in Deterministic… Rowan Brad Quni-Gudzinas

QNFO-ULA 10 / 10 QNFO


