Testing Learning—Reasoning Correspondence as a Sample-Efficient
Inductive Bias for Small Reasoning Agents

Replication Study

Abstract

Learning—Reasoning Correspondence (LRC) proposes that augmenting training examples with symbolic-style inference
tuples can improve small-agent learning. We test this claim in a controlled finite replication that fixes rule-chain and symbolic
gridworld task families, ten paired seeds, size-matched neural and neuro-symbolic conditions, and oracle trace-bearing tuple
diagnostics. Relevant regularized LRC improves final out-of-distribution accuracy in both executed local benchmarks: 0.945
versus 0.496 for the neural baseline on rule chains and 0.905 versus 0.405 on symbolic gridworld planning. Mechanism-
isolation margins remain positive against noisy-tuple and no-regularizer ablations, with bootstrap intervals [0.207, 0.219] and
[0.236, 0.253]. Tuple confidence is also better calibrated and more faithful than noisy augmentation under the available oracle
traces. The stronger sample-efficiency claim is not established: all predeclared samples-to-threshold comparisons at 0.80 and
0.90 validation accuracy are censored on the executed grid. The evidence therefore supports LRC as a local mechanism for
final OOD generalization in controlled finite tasks, but weakens claims about threshold sample complexity and leaves public
bAbI/MiniGrid replication as future work.

1 Introduction

Neural agents often learn correlations faster than they learn reusable reasoning structure. The practical consequence is familiar
across synthetic reasoning, text-based relation tasks, and small planning environments: a model can fit in-distribution examples
while failing when rule depth, relation composition, or transition structure changes at test time (Weston et al., 2015; Lake
and Baroni, 2018; Keysers et al., 2020; Sinha et al., 2019; Clark et al., 2020; Hupkes et al., 2020; Chevalier-Boisvert et al.,
2023, 2018). Neuro-symbolic learning attacks this problem by giving the learner access to explicit rules, constraints, proofs,
programs, or relational structure (d Avila Garcez and Lamb, 2020; Besold et al., 2017; Bader et al., 2023; Sarker et al., 2024).
Learning—Reasoning Correspondence (LRC) sharpens that broad idea into a per-example claim: a training example can be
accompanied by inference tuples of the form premise, conclusion, and confidence, and these tuples can guide learning when
they are relevant and regularized. This paper evaluates that claim as an empirical replication question rather than as a slogan
about interpretability.

The motivating LRC draft argues that explicit reasoning artifacts can serve as an inductive bias for efficient agent training
(Double-blind ICLR 2025 submission, 2025). That claim matters beyond the specific draft because many current reasoning
systems blur the boundary between learned representations and symbolic operations. Constraint losses, differentiable logic
programs, neural module systems, and solver-augmented language models all show that explicit structure can sometimes im-
prove extrapolation or inspectability, but they also show that the benefit depends on the validity of the symbolic object and the
comparison baseline (Xu et al., 2018; Hu et al., 2016; Fischer et al., 2019; Evans and Grefenstette, 2018; Manhaeve et al., 2018;
Yang et al., 2017; Dong et al., 2019; Andreas et al., 2016; Pan et al., 2023; Sinha et al., 2023; Huang et al., 2023a). Added
tokens, longer context, oracle leakage, or unmatched model capacity can masquerade as reasoning. A replication must therefore
ask whether the tuple mechanism itself matters after size matching, noisy-tuple controls, and no-regularizer controls.

We implement a finite LRC variant for two controlled task families: propositional rule-chain classification with depth-
shift OOD splits and a symbolic gridworld shortest-path decision task with factored state descriptions. Each family has ten
fixed seeds and oracle trace metadata. The evaluated conditions are a neural-only learner, relevant regularized LRC, relevant
LRC without the consistency regularizer, noisy or shuffled LRC with matched tuple count and confidence marginals, semantic-
constraint and oracle-feature comparators where appropriate. This scope is intentionally narrower than the full agent-learning
language in the draft. It is wide enough to test whether tuples help under known rules and transitions, but narrow enough that
every manifest, seed, condition, and diagnostic can be inspected.

The result is mixed in a scientifically useful way. Relevant regularized LRC clearly improves final local OOD accuracy and
beats the best ablation by a positive mechanism margin in both task families. It also produces lower tuple expected calibration
error and higher oracle-trace faithfulness than noisy tuples. However, the predeclared first-hit statistics for reaching 0.80 and
0.90 validation accuracy are fully censored across the executed training-size grid. The data show better final OOD behavior,



not a verified reduction in examples needed to cross those thresholds. This distinction is central to the interpretation of LRC as
an inductive bias.

This distinction also explains the paper’s replication stance. The study does not try to replace the full LRC proposal with a
smaller task, nor does it treat a favorable local result as broad confirmation. Instead, it isolates the part of the proposal that can
be tested with finite manifests and independent trace labels: whether relevant tuples plus a consistency penalty change learning
behavior under controlled OOD shifts. The answer is positive for final local generalization and mechanism isolation, negative
for the measured threshold claim, and conditional for interpretability.

Our contributions are:

* We formalize a finite, size-matched LRC objective and first-hit sample statistic that separate final OOD performance from
threshold sample efficiency.

* We run a ten-seed local replication on controlled rule-chain and symbolic gridworld tasks with relevant, noisy, no-
regularizer, neural, semantic-constraint, and oracle-feature conditions.

* We report mechanism-isolation, calibration, faithfulness, and censored-threshold diagnostics that identify where LRC is
supported and where it is not.

* We provide a reproducibility appendix with manifests, seeds, hyperparameters, symbolic metric checks, and limitations
tied to the executed evidence.

2 Related Work

Neural-symbolic Al supplies the broad motivation for LRC, but it does not by itself validate the tuple mechanism. Surveys
emphasize that neural components are useful for statistical learning while symbolic components expose variables, rules, and
relations (d Avila Garcez and Lamb, 2020; Besold et al., 2017; Bader et al., 2023). The strength of this tradition is conceptual
breadth: it covers knowledge injection, rule extraction, differentiable theorem proving, probabilistic logic, and program-guided
perception. Its limitation for the present question is that broad taxonomies do not determine whether one particular tuple
interface improves sample efficiency under controlled ablations. LRC sits at a defensible boundary only if its tuple object
produces gains beyond the generic advantage of giving a learner more structured input.

Constraint-based learning methods provide closer comparators. Semantic loss assigns a differentiable penalty to probability
mass that violates a Boolean formula, teacher-student rule distillation projects first-order rules into a soft target distribution,
and DL2 maps logical constraints over neural inputs and outputs into differentiable penalties (Xu et al., 2018; Hu et al., 2016;
Fischer et al., 2019). Differentiable ILP, Neural LP, Neural Logic Machines, and DeepProbLog go further by learning or
marginalizing over rule and proof structure (Evans and Grefenstette, 2018; Yang et al., 2017; Dong et al., 2019; Manhaeve
et al., 2018). These systems have an advantage over vague reasoning augmentation because the symbolic object has a declared
semantics. They also expose a risk for LRC: if tuples are wrong, weakly relevant, or merely correlated with the label, the
regularizer may enforce the wrong structure. Our noisy-tuple and no-regularizer ablations are designed around that risk.

Compositional reasoning benchmarks motivate the OOD part of the evaluation. bAbl, SCAN, COGS, CLUTRR, PCFG Set,
and ProofWriter show that models can fail when test examples require longer chains, recombined rules, or proof forms not seen
in the training distribution (Weston et al., 2015; Lake and Baroni, 2018; Keysers et al., 2020; Sinha et al., 2019; Hupkes et al.,
2020; Clark et al., 2020). Gridworld and instruction-following environments add a planning dimension in which state facts,
actions, and transitions can be separated from surface observations (Chevalier-Boisvert et al., 2023, 2018). These benchmarks
are valuable because they create known latent structure, but they can also overstate generality if results do not leave the synthetic
regime. We therefore use controlled local tasks as evidence for finite mechanism behavior and explicitly withhold claims about
public bAbI or MiniGrid replication because those external substrates were not executed in this run.

A separate line of work studies reasoning traces in large language models and solver-augmented systems (Wei et al., 2022;
Yao et al., 2023; Pan et al., 2023; Sinha et al., 2023; Huang et al., 2023a,b; Zhou et al., 2023; Liu et al., 2024; Trinh et al., 2024).
Chain-of-thought and ReAct show that generated intermediate text can improve problem solving, while Logic-LM, SATLM,
and LINC route language models through symbolic solvers. These approaches are relevant because they treat visible reasoning
artifacts as useful interfaces. They are not direct evidence for LRC in small supervised agents: prompting traces may be post
hoc, solver calls may shift the main work outside the neural learner, and language-model scale can hide the cost of the reasoning
representation. The present study instead asks whether a small learner benefits when finite tuples are part of training.

The evaluation protocol borrows from calibration, OOD, and paired statistical testing practice (Guo et al., 2017; Wilcoxon,
1945; Efron, 1979; Krueger et al., 2021). Expected calibration error is useful for tuple confidence only when bin definitions and
labels are explicit, and bootstrap or signed-rank comparisons are meaningful only under paired seeds and fixed manifests. The
prior phases also identified a symbolic audit limitation: one ECE weight-sum check did not close under the available algebraic
assumptions, while the censored threshold and mechanism-margin checks did. The manuscript keeps that limitation visible.



This differs from a benchmark leaderboard paper: the central result is not simply that one condition has the highest accuracy,
but that different LRC claims receive different levels of support.

Recent work also cautions against treating the phrase “neuro-symbolic” as a single method family. Logic-constrained
learning surveys distinguish systems that learn constraints, impose fixed constraints, or call external symbolic modules, and
those distinctions affect what counts as evidence for a sample-efficiency claim (Sarker et al., 2024; Bader et al., 2023; Singh
et al., 2023). Planning, visual-reasoning, and analogical-reasoning systems show related attempts to combine neural modules
with symbolic states, programs, solvers, background knowledge, or action abstractions, but their evidence concerns different
interfaces than per-example premise-conclusion-confidence tuples (Mao et al., 2019; Yi et al., 2018; Liu et al., 2024; Chevalier-
Boisvert et al., 2018, 2023; Bennetot et al., 2019; Shah et al., 2022). A tuple-augmented learner is closer to constraint injection
when tuples are fixed and closer to a learned reasoning system when tuples are generated by a trainable module. The present
study occupies the former boundary: it asks whether explicit, relevant, trace-aligned tuples help a small learner before asking
whether a model can discover such tuples unaided. That choice narrows the claim, but it also avoids conflating tuple discovery
with tuple usefulness.

3 Problem Setting

Let T" denote a finite task family. For each T', inputs lie in a finite object space X, labels or actions lie in a finite set V', and a
seed s € S = {101, 202, 303, 404, 505, 606, 707, 808,909, 1001} determines a manifest with training, validation, IID test, and
OOD test splits. The rule-chain family represents an input X € Xr as a finite set of observed literals and candidate implications;
the label y € {0, 1} states whether a target conclusion follows under a bounded chain length. The symbolic gridworld family
represents X as a finite set of state facts, obstacle facts, goal facts, and candidate action facts; the label y € Y is a shortest-path
decision under the generated transition graph. These definitions apply only to the saved finite manifests and not to unbounded
first-order reasoning or continuous control.

The LRC object follows the supplied draft at the level of tuple form. A tuple generator g4 emits a finite multiset I; =
{I;; }5(:1 for example i, where K; € {0, ..., Kmax}, Iij = (pij, ¢j, ¢ij), premises and conclusions satisfy p;;,¢;; € Gr for a
finite grammar, and confidences satisfy ¢;; € [0, 1]. The augmentation map A : X7 x Zp — Zp converts the input and tuple
multiset to the learner representation. The classifier fy : Zr — A(Yr) outputs a probability distribution over labels or actions.
We define the finite LRC training objective as

1 n
Liro (0,63 D) = — > (fo(A(Xi, 1)), yi) + ARuro (I, Xi i), A2 0, (1)
i=1

where D,, = {(X;,v:)}"y, n € N>q, £ is cross-entropy, and Ryrc penalizes tuple inconsistency or irrelevance under the
oracle trace available in the controlled family. The tuple form is borrowed from the LRC draft (Double-blind ICLR 2025
submission, 2025); the finite objective and diagnostics in this paper are our operationalization for replication.

For sample efficiency, let N be the predeclared finite grid of training sizes. For condition c, seed s, threshold 7 €
{0.80,0.90}, and validation accuracy Accy™ (n, ¢, s) € [0, 1], define

S, (T,c,s) = min{n € Nr : Acc(n,¢c,s) > 1}, )

with S censored when no grid point reaches 7. This statistic is deliberately stricter than final accuracy: it supports a sample-
efficiency claim only when threshold crossings are observed. For mechanism isolation we define the best-ablation OOD accu-
racy Br(s) as the maximum OOD accuracy among neural-only, noisy regularized LRC, and relevant no-regularizer LRC for
the same seed. The paired mechanism margin is

Amech(117 S) = ACC%Od(Crel-l-rega 3) - BT(S) (3)

Positive intervals for Ap,e.p, test whether relevant regularized tuples beat the strongest executed ablation, not whether LRC is
globally optimal.

4 Replication Method

The method uses four central conditions and two auxiliary comparators. The neural-only condition receives no tuples and
uses the same encoder budget. Relevant regularized LRC uses oracle-aligned tuple templates and A > 0 in (1). Relevant
no-regularizer LRC uses the same tuples with A = 0, which tests whether input augmentation alone explains the effect. Noisy
regularized LRC shuffles or corrupts tuple content while matching tuple count and confidence marginals, which tests whether
additional structured-looking tokens explain the effect. Semantic-constraint and oracle-feature comparators appear where the



task family supplies a natural Boolean or transition abstraction; they are not treated as the main LRC ablations because they
answer different questions.

The training protocol fixes seeds, manifests, training-size grid, optimizer schedule, model width, and stopping rules before
test evaluation. The rule-chain task stresses longer inference chains at OOD time. The gridworld task stresses recombined
layouts and shortest-path decisions under symbolic state facts. Both families include oracle traces, so tuple faithfulness can
be measured without treating generated explanations as self-verifying. The protocol is CPU-tractable by design, but CPU
tractability is an operational constraint rather than the scientific claim.

Tuple diagnostics use two quantities. Tuple expected calibration error partitions confidence values into bins and compares
mean confidence with empirical tuple validity inside each nonempty bin. Tuple faithfulness measures agreement between gen-
erated tuple conclusions and oracle trace events under perturbations that preserve the task family. These metrics are meaningful
only because the local generators expose trace labels; they would need redesign for natural-language tasks without oracle traces.

4.1 Architecture and Condition Parity

The learner architecture is treated as a controlled carrier for the tuple intervention. Each condition receives the same task family,
the same seed, the same split definitions, and the same finite training-size grid. The neural-only condition is not an intentionally
weak baseline; it is the reference point for asking whether explicit tuple structure changes generalization when the parameter
budget is held fixed. The noisy-tuple condition is equally important because it tests whether the representation benefit comes
from relevant symbolic content or from any structured auxiliary channel. The no-regularizer condition tests a different failure
mode: relevant tuples may help as additional features even if the consistency penalty contributes nothing. Only the combination
of these controls gives a meaningful mechanism interpretation.

The relevant tuple templates are intentionally aligned with the latent generators. In rule chains, a premise names a bounded
set of observed literals and implications, while a conclusion names an inferred target or intermediate literal. In gridworld
planning, a premise names local state and transition facts, while a conclusion names an action preference or reachability
relation. Confidence values are not learned as free-floating explanation scores; they are evaluated against trace events. This is
why the interpretability result is local but concrete. A task without trace labels could still use tuples, but it could not support
the same faithfulness claim without an additional labeling or perturbation protocol.

S Experimental Evidence

The results-facing evidence comprises two executed local substrates: the Local controlled rule-chain benchmark and the Local
symbolic gridworld planning benchmark. The first benchmark executed ten seeded propositional rule-chain manifests with
oracle traces and depth-shift OOD splits. It tests whether tuples help when the latent rule chain is known and recombined
at larger depth. The second benchmark executed ten seeded symbolic gridworld manifests with shortest-path decisions, state
facts, and oracle transition traces. It tests whether tuple augmentation helps when the relevant reasoning object is a planning
transition rather than a propositional implication. A separate finite-metric check is used later as a formal diagnostic for metric
definitions and limitations; it is not treated as an additional empirical benchmark.

Figure 1 shows the central empirical pattern. On rule chains, relevant regularized LRC reaches mean OOD accuracy 0.945,
compared with 0.496 for neural-only, 0.630 for noisy regularized LRC, and 0.732 for relevant tuples without the regularizer. On
symbolic gridworld planning, relevant regularized LRC reaches 0.905, compared with 0.405 for neural-only, 0.547 for noisy
regularized LRC, and 0.661 for no-regularizer LRC. The paired mechanism margins are 0.213 with interval [0.207,0.219] for
rule chains and 0.244 with interval [0.236, 0.253] for gridworld. These margins support the local mechanism claim because the
relevant regularized condition beats the strongest executed ablation in both families.

Table 1 separates performance from tuple quality. Relevant regularized LRC has both the best OOD accuracy and the
lowest tuple ECE in the two families. Noisy LRC can improve over neural-only in raw accuracy, which is important: some gain
may come from extra representation capacity or auxiliary structure. The mechanism claim depends on the additional fact that
relevant regularized LRC beats noisy and no-regularizer variants, not merely on beating neural-only.

Figure 2 and Table 2 record the strongest negative evidence. For both Sy g¢ and S g9 in (2), all twenty paired comparisons
are censored. The median and mean reduction fractions are therefore zero under the conservative convention used by the
analysis. This does not contradict the final OOD gains in Figure 1; it means the executed grid did not observe the threshold
crossings needed to establish the stronger sample-efficiency criterion.

6 Robustness Interpretation

The local evidence is strongest when interpreted through the ablation structure rather than through any single accuracy number.
A neural-only learner can fail under OOD depth or layout shifts because it has no explicit channel for the latent implication



Local LRC validation: performance and mechanism evidence
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Figure 1: Final performance and mechanism isolation in the executed local benchmarks. The panels compare OOD learning
behavior, final OOD accuracy, and paired mechanism margins for relevant regularized LRC against neural-only and ablated
tuple conditions. The main interpretation is that final OOD accuracy improves strongly in both finite task families, while the
comparison remains local to the generated manifests and does not establish external benchmark replication.

or transition relation. A noisy tuple learner can receive extra syntactic structure without receiving the relevant relation. A
no-regularizer learner can receive relevant relations but lacks the penalty that makes tuple consistency part of the objective. The
relevant regularized condition is the only condition that combines correct tuple content with a training signal that discourages
inconsistency. This decomposition matters because a weaker replication could report only that LRC beats neural-only, which
would leave open whether any extra channel, longer input, or oracle feature would have produced the same outcome.

The rule-chain and gridworld families stress different parts of the same hypothesis. Rule chains test whether premise-
conclusion tuples help when the latent structure is close to symbolic implication. Gridworld planning tests whether the same
tuple interface helps when the latent structure is a transition relation over states and actions. The fact that both families
show positive mechanism margins makes the local result more informative than a one-task demonstration. At the same time,
both families are generated, finite, and trace-bearing. They fit the hypothesis assumptions well, but they do not represent the
distributional complexity of open natural-language reasoning, learned perception, or long-horizon exploration. The correct
robustness claim is therefore cross-family within two controlled local generators, not domain-general robustness.

The oracle-feature comparator also clarifies the mechanism. Oracle features can perform well because they expose a com-
pact ground-truth abstraction. LRC is not meant to beat every oracle abstraction; it is meant to test whether explicit inference
tuples can help a small learner when the tuples are available and regularized. In rule chains, relevant regularized LRC exceeds
the oracle-feature OOD mean reported in the local summary, while in gridworld it also exceeds the oracle-feature mean. This
does not prove that LRC is superior to oracle features in general. It shows that the implemented tuple interface is not merely a
weaker presentation of the same oracle information under these manifests.

The semantic-constraint comparator is a second boundary case. Constraint penalties are a mature way to inject symbolic
knowledge, and they are a natural baseline for any LRC claim. In the executed local summaries, semantic constraints improve
over neural-only but do not match relevant regularized LRC. This pattern is compatible with the hypothesis that example-
specific tuple content supplies a more targeted signal than a global constraint in these two generators. It is also compatible



Family Condition IID acc. OOD acc. Tuple ECE Faithfulness

Rule chain Neural only 0.686 0.496 0.200 0.000
Rule chain Noisy LRC + reg. 0.765 0.630 0.277 0.007
Rule chain Relevant LRC, no reg. 0.852 0.732 0.131 0.077
Rule chain Relevant LRC + reg. 0.995 0.945 0.040 0.094
Gridworld Neural only 0.635 0.405 0.200 0.000
Gridworld Noisy LRC + reg. 0.722 0.547 0.277 0.007
Gridworld Relevant LRC, no reg. 0.821 0.661 0.137 0.067
Gridworld Relevant LRC + reg. 0.995 0.905 0.047 0.083

Table 1: Mean task and tuple diagnostics over the ten executed paired seeds. Accuracy values summarize final IID and OOD
performance; tuple ECE and faithfulness are computed only in the local generators where oracle tuple-validity traces exist.
The table supports local final-performance and interpretability claims, while leaving threshold sample-efficiency claims to the
censored statistics in Table 2.

Threshold statistic ~ Median reduction =~ Mean reduction  Censored pairs

S0.80 0.000 0.000 20
S0.90 0.000 0.000 20

Table 2: Censored first-hit sample-efficiency outcomes on the predeclared training-size grid. Each row applies the definition in
(2) to paired seeds and treats unreached thresholds as censored rather than successful. These outcomes block the stronger claim
that LRC reduced samples-to-threshold by the requested margin in the executed run.

with the possibility that the semantic-constraint implementation was less tuned. For that reason the manuscript treats semantic
constraints as a contextual comparator, while the strongest mechanism test remains the noisy and no-regularizer ablations that
alter only tuple relevance or regularization.

7 Statistical and Measurement Notes

The paired-seed design is essential because the task manifests vary by seed. Reporting unpaired averages would ignore the fact
that the relevant comparison is condition difference within the same generated problem instance. The mechanism margin in
(3) is paired by construction: for each seed it subtracts the best executed ablation from the relevant regularized condition. The
bootstrap intervals then summarize uncertainty over the finite seed set. This procedure does not estimate performance over all
possible reasoning tasks. It estimates variability over the declared seed-generated manifests, which is the appropriate scope for
the local replication.

The samples-to-threshold statistic in (2) is deliberately conservative. Suppose a condition has high final OOD accuracy
but no observed validation crossing at the declared threshold on the grid. Treating that pair as missing would bias the sample-
efficiency estimate toward success because difficult or poorly resolved cases would vanish. Treating it as censored preserves
the fact that the run did not supply first-hit evidence. In the executed study, every pair is censored for both thresholds. This is a
strong measurement limitation, and it is reported as such even though the final OOD accuracy results are favorable.

Calibration is more delicate than accuracy. Tuple ECE compares confidence with empirical validity, but the validity labels
come from local oracle traces. If traces are incomplete, if bins are empty, or if tuple validity is ambiguous, ECE can be
misleading. The symbolic audit found that the censoring and max-ablation logic were well defined under the finite assumptions,
but it did not close the ECE weight-sum check. The manuscript therefore uses ECE as an empirical diagnostic rather than as
a proved calibration guarantee. Future runs should repair the algebraic assumptions by explicitly defining the set of nonempty
bins, normalizing their weights, and testing the implementation against boundary cases with empty and singleton bins.

The statistical results also depend on the condition set. The best-ablation term Br(s) includes the executed neural, noisy,
and no-regularizer conditions. If a future run adds a stronger ablation, the mechanism margin must be recomputed against that
expanded set. This is not a weakness of the definition; it is how a falsifiable mechanism claim should behave. A claim that
survives only because the best alternative was excluded is not a stable claim. The current evidence supports the mechanism
against the alternatives actually executed and listed in the manifest.
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Figure 2: Tuple diagnostics, censored threshold outcomes, and formal metric-check status. The panels summarize confidence
calibration, oracle-trace faithfulness, samples-to-threshold censoring, and finite algebraic checks used to interpret the reported
metrics. The figure shows that interpretability diagnostics are locally positive for relevant regularized tuples, but the threshold
sample-efficiency claim is not supported because all first-hit comparisons are censored on the executed training-size grid.

8 Interpretability Boundaries

The tuple interface gives LRC an interpretability advantage only when the tuples can be compared with an independent source
of truth. In the local rule-chain family, the independent source is the generated implication chain. In the gridworld family,
it is the generated transition and shortest-path trace. These traces make it possible to ask whether a high-confidence tuple
corresponds to a real intermediate relation rather than to a post hoc string. The faithfulness diagnostic is therefore stronger than
a qualitative example table, but it remains tied to the generators.

Noisy tuples are an important interpretability control. If noisy tuples had matched the faithfulness and calibration of
relevant tuples, the tuple interface would not support a meaningful explanation claim. Instead, noisy tuples show worse ECE
and lower faithfulness in both families. This does not mean every relevant tuple is correct, nor does it mean every incorrect
tuple is harmless. It means the relevant regularized condition shifts the tuple population toward trace agreement under the local
measurement procedure.

Interpretability should not be confused with causal identification. The tuple regularizer is an intervention in the training
objective, and the ablations support a mechanism interpretation, but the study does not identify a causal pathway at the level of
internal neural representations. It does not show which hidden units encode which rule, whether gradients flow through tuple
confidence in a human-like way, or whether a learned tuple generator would discover the same structures. Those questions
require additional interventions such as tuple dropout, counterfactual tuple replacement, representation probing, and learned-
generator comparisons.

A practical implication is that LRC should be evaluated with both performance and explanation metrics. A method that
improves OOD accuracy while producing unfaithful tuples would be useful as a predictor but weak as an interpretable reasoning
system. A method that produces faithful tuples while failing at the task would be interpretable but not useful as an agent learner.
The executed local study finds a favorable combination for relevant regularized LRC, but the combination is bounded by oracle
traces and finite grammars.



Claim tested Evidence Status

Final OOD generalization improves locally Figure 1, Table 1 Supported locally
Relevant regularized tuples beat ablations ~ Apech intervals in (3) Supported locally
Samples-to-threshold improves by 25% Censored Sp.s0 and So.90 Not established

Tuple confidence is interpretable Figure 2, Table 1 Locally bounded support

Public benchmark replication generalizes =~ No executed public bAbI/MiniGrid run Pending

Table 3: Claim-level interpretation of the executed evidence. The table distinguishes local support, mixed support, and missing
external validation rather than collapsing the replication into a single pass/fail outcome. This distinction is necessary because
the same run supports final OOD and mechanism claims while failing to establish the predeclared sample-efficiency threshold
criterion.

9 Discussion

The clearest finding is that relevant regularized tuples behave like a useful inductive bias in the two local finite regimes. The
gains are too large to attribute solely to random seed noise, and the noisy-tuple and no-regularizer controls make a simple
added-input explanation less plausible. The regularizer matters because relevant tuples without it are weaker; relevance matters
because noisy tuples with matched counts and confidence marginals are weaker. This is the evidence that most directly supports
the LRC correspondence idea.

The most important weakening is about sample complexity. The original project criterion required a median samples-to-
threshold reduction of at least 25 percent at validation thresholds 0.80 and 0.90. Because the threshold grid is fully censored,
the correct conclusion is not that LRC failed to learn efficiently in every sense; it is that the executed design did not measure
first-hit improvement. A finer grid, earlier validation checkpoints, easier threshold regime, or longer training schedule could
resolve the statistic. Until then, final OOD accuracy should not be rebranded as threshold sample efficiency.

Interpretability is also conditional. Tuple ECE and faithfulness improve for relevant regularized LRC, but the metric relies
on oracle traces. That is appropriate for controlled replication, where trace labels make explanations testable. It does not prove
that tuple confidence is faithful in open-domain tasks or in environments where tuple validity cannot be labeled independently.
The unresolved ECE symbolic check reinforces this caution: the audit supports finite censoring and max-ablation logic, but one
calibration algebra claim remains open.

10 Limitations and Future Work

The scope is local. No public bAbl, MiniGrid, CLUTRR, or external benchmark replication was executed in this phase. The
local rule-chain and gridworld tasks match the hypothesis assumptions because they have finite grammars, oracle traces, paired
seeds, and controlled OOD splits. They are low relevance for claims about natural language, large-scale agents, or continuous
action spaces. The result should therefore be read as local mechanism evidence, not a broad replication of all claims in the LRC
draft.

The model family is intentionally small and CPU-tractable. That choice supports reproducibility and paired ablation cov-
erage, but it does not test whether the same tuple regularization interacts well with larger transformers, learned tuple genera-
tors, perception-to-symbol transfer, or long-horizon reinforcement learning. Existing neuro-symbolic planning and perception-
reasoning work provides the relevant follow-up context because those systems connect learned modules to symbolic states,
programs, solvers, or planning abstractions rather than receiving a local oracle-aligned tuple channel (Mao et al., 2019; Yi et al.,
2018; Liu et al., 2024; Chevalier-Boisvert et al., 2018, 2023). The tuple generator in this study is closer to an oracle-aligned
template system than to a fully learned reasoner. This is acceptable for isolating the proposed inductive bias, but it leaves open
whether a practical LRC system can learn useful tuples without leaking target information or relying on handcrafted grammars.

Future work should first repair the censored threshold measurement by adding denser training-size grids and validation
checkpoints. It should then execute public bAbl-style relational reasoning and MiniGrid-style planning substrates with the
same ablation structure. Finally, it should replace oracle-aligned tuple templates with learned tuple generators while preserving
relevance controls, noisy controls, and trace-based audits wherever possible.

11 Conclusion

This replication supports a narrowed version of Learning—Reasoning Correspondence. In finite controlled rule-chain and sym-
bolic gridworld tasks, relevant regularized inference tuples improve final OOD accuracy, beat noisy and no-regularizer abla-



tions, and yield better local tuple diagnostics. The same evidence does not establish the stronger samples-to-threshold claim
because the predeclared first-hit statistics are fully censored. The responsible conclusion is therefore neither full confirmation
nor dismissal: LRC is a promising local inductive bias under oracle-aligned finite tuples, but broader sample-efficiency and
external benchmark claims remain unresolved.

12 Synthesis of Supported and Weakened Claims

The replication separates the LRC claim into three parts. The first part is final OOD generalization: relevant regularized tuples
should help a small learner when the test split recombines rules or planning structure. This part is supported in the executed
local setting. The rule-chain and gridworld families differ in surface form, label semantics, and tuple templates, yet both show
large final OOD gains and positive mechanism margins. The second part is sample efficiency measured as first-hit threshold
crossing. This part is weakened because the executed training-size grid did not observe any crossing for the declared thresholds.
The third part is interpretability through tuple confidence and faithfulness. This part receives bounded local support because
relevant regularized tuples are better calibrated and more trace-faithful than noisy tuples where oracle traces exist.

This decomposition is useful for future replication design. If a future run cares mainly about final OOD generalization, the
current evidence suggests that relevant tuples and a consistency penalty are promising. If it cares about sample complexity, the
next run must change the measurement design before it can make a stronger claim. A denser grid and earlier checkpoints are
more important than adding another final-accuracy table. If it cares about interpretability, the next run must keep independent
trace labels or introduce a different external validity signal. Without such labels, tuple text may look plausible while failing to
correspond to the computation that produced the answer.

The result also clarifies what would falsify the local mechanism in later work. If noisy tuples match relevant tuples under
the same confidence marginals, the tuple content is not the source of the gain. If no-regularizer LRC matches regularized LRC,
the consistency penalty is unnecessary in that regime. If a size-matched neural model with a better architecture closes the OOD
gap, then LRC may be a useful engineering trick rather than a distinct reasoning-learning correspondence. If public bAbI or
MiniGrid runs fail while local synthetic tasks succeed, the mechanism may depend on oracle-aligned grammars rather than on
general reasoning structure. These are not defects in the current study; they are the next falsifiable tests implied by it.

The manuscript therefore treats LRC as a conditional inductive bias. It is not a theorem that symbolic tuples reduce sample
complexity, and it is not a general claim that any reasoning trace improves any learner. The supported statement is narrower:
in two finite trace-bearing task families, relevant regularized tuples improve final OOD performance and beat the executed
ablations. That statement is still scientifically meaningful because it identifies a regime where the correspondence idea has
measurable content. It also provides a disciplined route for broadening the claim without erasing negative or missing evidence.
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A Extended Formal Details

The finite setting in the main text is designed to prevent hidden quantification over tasks that were not executed. For each family
T, the manifest fixes X, Vr, the seed, the training-size grid, and the OOD split before any test statistic is read. The tuple
grammar G is a finite set of premise and conclusion templates. In the rule-chain family it contains implication and reachability
templates over bounded literals. In the gridworld family it contains local transition, obstacle, goal, and shortest-path templates.
The confidence coordinate is a real number in [0, 1] and is interpreted as a reliability score only relative to the local oracle trace
labels.

The objective in (1) is an empirical objective, not a population theorem. The cross-entropy term is standard supervised
learning, while Ry rc is a family-specific penalty that increases when emitted tuples contradict the oracle trace or fail relevance
checks. Setting A = 0 yields the no-regularizer condition. Replacing tuple content with shuffled or noisy tuples yields the
negative control. These two interventions give the mechanism margin in (3) its meaning: a positive margin says the full
condition beat the best executed ablation under the same manifest and seed.

B Reproducibility Protocol

All executed local conditions use the same ten seeds: 101, 202, 303, 404, 505, 606, 707, 808, 909, and 1001. Each seed materi-
alizes a rule-chain manifest and a gridworld manifest. The analysis table records final IID accuracy, final OOD accuracy, tuple
expected calibration error, tuple faithfulness, and threshold censoring. The paired bootstrap intervals for mechanism margins
resample seeds within a task family. The signed-rank testing plan is retained for settings where nonzero paired differences
across a sufficient number of seeds are available, but the principal manuscript evidence uses bootstrap intervals because the
final margins are directly interpretable.

The experiments are deterministic with respect to the saved manifests. The small learner budget keeps the replication
runnable on commodity CPU hardware, but the manuscript does not use hardware constraints as a scientific explanation for the
gains. Hyperparameter sweeps are intentionally limited: the purpose is to compare matched conditions rather than to find a best
possible architecture for each baseline. A stronger future benchmark should include lambda sensitivity, learned tuple-generator
variants, and public benchmark manifests under the same seed pairing.

C Additional Diagnostics and Boundary Cases

The censored threshold result is a boundary case that changes the interpretation of the study. If S, is censored for both the
LRC condition and the neural condition, a naive ratio is undefined. The conservative analysis assigns no sample-efficiency gain
rather than dropping the pair. This choice prevents the paper from converting missing threshold evidence into apparent success.
It also explains why final OOD accuracy and samples-to-threshold can disagree: one is measured at the final training size, while
the other asks for the first observed crossing on a finite grid.

The ECE audit limitation is separate. The symbolic report confirms the finite-grid logic for censoring and the max-ablation
definition of the mechanism margin. It does not close one algebraic check about nonempty bin weights summing to one
under the available assumptions. The empirical ECE numbers are still descriptive diagnostics, but any formal statement about
calibration boundedness should be treated as conditional until that audit is repaired.

D Source Lineage and Benchmark Fit

The tuple form is inherited from the LRC draft, while the replication objective, censoring rule, and mechanism margin are
defined in this paper. Constraint-learning comparators are motivated by semantic loss, rule distillation, DL2, differentiable
ILP, DeepProbLog, and differentiable rule-learning work. OOD split design is motivated by compositional generalization and
controlled reasoning benchmarks. Calibration and paired uncertainty summaries follow standard calibration and bootstrap
references.

The local controlled rule-chain benchmark fits the hypothesis because it has known latent rules, finite depth shifts, and
oracle traces. The symbolic gridworld benchmark fits because it has explicit state facts and transition traces. Both are weaker
fits for claims about open-domain language, public benchmark diversity, and large agent training. This fit assessment is why the
main text uses local support language and treats external public benchmarks as future work rather than as completed evidence.

The source lineage also explains why the paper reports negative and mixed results in the same voice as positive ones. The
LRC draft motivates a broad correspondence between learning and reasoning, but the acquired benchmark literature shows that
systematic generalization can fail for reasons unrelated to a single mechanism: splits may test longer chains, novel compo-
sitions, different grammars, changed environments, symbolic state abstraction, or long-horizon planning structure (Lake and
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Baroni, 2018; Keysers et al., 2020; Sinha et al., 2019; Chevalier-Boisvert et al., 2018, 2023; Liu et al., 2024). The replication
therefore treats each claim as conditional on its measurement object. Final OOD accuracy is tied to the generated rule and
planning splits. Threshold sample efficiency is tied to the finite training-size grid. Tuple interpretability is tied to oracle trace
labels and the calibration audit. This separation keeps the manuscript aligned with the sources rather than drifting from a local
experiment to an unsupported global conclusion.

E Hyperparameter and Manifest Rationale

The replication uses ten paired seeds because paired differences are the main unit of evidence. The seed list is fixed before
reading the final metrics, and each seed generates both task families. The training-size grid is finite and shared across conditions.
The finite grid makes the threshold statistic inspectable, but it also creates the censoring limitation observed in the run. A denser
grid would make the statistic more informative, especially if it included early checkpoints where learning curves separate before
final convergence.

The model-size constraint is chosen to keep the comparison focused on inductive bias rather than scale. If the LRC condition
had many more parameters than the neural baseline, improved OOD accuracy could be explained by capacity. If the neural
baseline had a different optimizer schedule, the comparison would mix algorithmic and training-protocol effects. The local
design therefore fixes the learner budget and varies tuple relevance and regularization. This is not the only valid design, but it
is the right first design for testing whether the tuple mechanism contributes anything beyond a standard learner.

F Failure Modes to Test Next

Several failure modes remain untested. First, relevant tuples may stop helping when the tuple grammar is incomplete. A future
run should gradually remove premise templates, corrupt confidence values, or hide transition facts to measure the operating
range of the method. Second, the regularizer may overfit to the oracle trace when traces are noisy. A future run should inject
controlled trace noise and measure whether LRC degrades gracefully or enforces wrong conclusions. Third, learned tuple
generators may introduce feedback loops in which the learner reinforces its own mistaken explanations. That setting is closer
to the full LRC ambition and requires safeguards not needed in the oracle-aligned local study.

A fourth failure mode is external benchmark mismatch. Public bAbl-style tasks, MiniGrid environments, CLUTRR re-
lations, and ProofWriter-style proof corpora differ in surface form, ambiguity, and available trace labels. The current local
tasks are useful because their assumptions are explicit, but a broad replication needs public datasets with pinned versions and
documented preprocessing. Until those runs exist, broad claims about agent learning remain pending rather than supported.

A fifth failure mode concerns optimization rather than representation. The regularized objective may help because it
smooths training, changes gradient scale, or supplies an easier auxiliary target, even when the tuple semantics are not the
decisive factor. The noisy-tuple and no-regularizer ablations reduce this concern, but they do not eliminate it. Future work
should include gradient-norm diagnostics, matched auxiliary losses with non-symbolic targets, and tuple-dropout interventions
during training. Those tests would separate a semantic tuple effect from a generic regularization or multitask-learning effect.

A final failure mode is evaluator leakage. Because the local generators provide oracle traces, an implementation error
could accidentally expose target-side information through the tuple channel. The current manifests and ablations reduce that
risk by pairing noisy tuples and neural-only controls with the same seeds, but a stronger replication should include automated
leakage tests that remove labels, randomize trace identifiers, and verify that tuple fields cannot reconstruct the answer without
the allowed premises.

G Appendix Summary of Claim Relevance

The final OOD claim has high relevance to the hypothesis because it tests recomposed rule and planning regimes where struc-
tured tuples should help. The sample-efficiency claim has low support because the measurement is censored, not because
the hypothesis is logically impossible. The mechanism-isolation claim has high local relevance because the noisy and no-
regularizer ablations directly target tuple relevance and regularization. The interpretability claim has medium local relevance
because oracle traces make it measurable, while the unresolved ECE audit and absence of open-domain traces limit generality.

This relevance profile is the main message of the replication. A single yes-or-no verdict would hide the distinction between
supported local final generalization, unsupported threshold sample efficiency, and pending external validation. The paper
therefore treats the LRC hypothesis as partially supported under explicit assumptions. The next experimental phase should
target the unsupported and pending pieces directly rather than rerunning only the conditions that already produce favorable
final OOD accuracy.
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