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Reasoning is a (Learnable) Rule-Based Process

TL;DR Reasoning in generative AI has experienced unnecessary and
addressable definitional ambiguity. This work advocates for the use of op-
erational definitions for reasoning based on process validity, positioning
reasoning as a learnable process grounded in exact rule application.

CORE POSITIONS
Thesis 1 Define, then measure.

1.1 Research concerned with AI reasoning should provide formal op-
erational definitions for the type of reasoning under investigation.

1.2 The construct validity of reasoning evaluation should be explicitly
justified with respect to the operational definitions provided.

Thesis 2 Reasoning is a (learnable) rule-based process.

2.1 Reasoning is a process of exact rule application. Learnable rules
unambiguously map reasoning inputs to outputs and can include
theorems, functions, policies, assumptions, etc., including rules
pertaining to stochasticity, uncertainty, and approximation.

Thesis 3 Rule-based reasoning is valid.

3.1 The validity of a reasoning process arises from exact rule applica-
tion, independent of rule selection.

Construct Validity: Process ↑= Product

Current “reasoning benchmarks” often measure QA accuracy. We echo Chol-
let [2] on the risks of “confusing the process” (reasoning, in our case) “with
the artifact produced by this process” (e.g., QA responses):

“In the case of AI, the focus on achieving task-specific performance while
placing no conditions on how the system arrives at this performance has
led to systems that, despite performing the target tasks well, largely do not
feature the sort of human intelligence that the field of AI set out to build.”

Operationalizing Reasoning

Reasoning as a “rule-governed operation” [1]: Rules are operators whose
operands are information, partitioned into (1) extrinsically obtained informa-
tion (evidence) and (2) intrinsically generated information (beliefs).

Def. 1 (Reasoning, informal). The process of selecting and applying se-
quences of rules that act on prior beliefs and current evidence to obtain prin-
cipled belief updates in evolving states.

Def. 2 (Reasoner). Goal-oriented decision-maker that implements reasoning.

Def. 3 (Reasoning, formal). Let St := ↓Bt, Et, Rt↔ denote the reasoner’s
state at time step t, where Bt denotes current belief, Et denotes aggregated
evidence up to time t, and Rt denotes the current set of established rules.
Then, reasoning is the iterated application over steps t of rules r ↗ Rt↘1 to
prior beliefs Bt↘1 and current evidence Et, by which we obtain dynamically
updated states St, and where every output Bt for t > 0 is the result of a rule
application r(Bt↘1, Et) to the contents of state St↘1.

Reasoning components Reasoner components

Local rules RL update beliefs, while meta rules RM update the rule set.

Validity & Soundness

Rule selection and discovery can employ agency, intelligence, or creativ-

ity. Rule application requires exactness. This exactness gives rise to process
validity, which is independent of soundness. This echoes Broome [1]:

“Correct reasoning is not reasoning you are required to do by rationality,
but reasoning you are permitted to do by rationality” (emphasis added).

Def. 4 (Validity). A transition from state St to St+1 is valid if and only if it
arises from the application of a rule r ↗ Rt to components of state St.

Def. 5 (Soundness). A valid transition from St to St+1 is sound if and only if
all premises (as encoded by B, E , and R) are true w.r.t. external evaluation.

Def. 6 (Reasoning zombie (r-zombie)). A system that superficially behaves
as an autonomous reasoner, but lacks the mechanisms necessary for validity.

Open Q: What use cases require reasoners, and when do r-zombies suffice?

Examples from Domain-Specific Reasoning

Open Questions on Rules & Validity in Neural Reasoning. Can the pa-
rameters of a neural network store rules, and if so, how do we locate them?
Circuit discovery and other mechanistic interpretability methods aim to an-
swer such questions [4, 6, 5]. Where are the mechanisms ensuring exact ap-
plication of these rules? Neural program synthesis is a form of rule learning
where exact rule application can be outsourced to a compiler [3].
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