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Abstract

Automated patch correctness assessment (APCA) is usually evaluated by predictive
performance: accuracy, precision, recall, F1, ranking quality, or related measures. These
metrics answer whether an assessor tends to make the right decision, but they do not determine
whether the evidence visible to the assessor is structurally capable of separating repairs that
require opposite correctness decisions. We introduce Repair Evidence Resolution (RER),
a claim-relative framework for studying that prior question. RER models assessor-visible
evidence as a partition of a declared repair population and asks whether every evidence cell is
homogeneous with respect to a repair claim. It yields repair-claim resolution (RCR), concrete
claim-conflict witnesses (CCWs), resolution deficit (RD), claim-resolution profiles, and claim-
boundary completeness (CBC) for transferring resolution conclusions from evaluated repair
subsets to larger target populations. We prove basic separation results and explicitly reduce
exact-identification special cases to established teaching/certificate-complexity machinery.
We then implement a deterministic audit pipeline and evaluate a publisher-verified ASE
2020 APCA artifact. Across 1,762 generator-aware records, one released evidence channel
produces nine mixed correctness cells covering 43 patches (RD=2.44%), whereas a second
channel and the combined evidence are exact-cell claim-resolving on the observed corpus. We
also derive the exact probability that restricted evaluation subsets falsely appear resolved:
for a sample of 100 records it is 91.29%. The results motivate a three-layer evaluation view:
prediction, resolution, and transfer.

Keywords: automated program repair; patch correctness assessment; evidence resolution;
overfitting patches; benchmark transfer; software testing

1 Introduction

Automated program repair (APR) has evolved from generate-and-validate search and redundancy-
based mutation to template-based, synthesis-based, representation-learning, and large-language-
model approaches (Dikici & Bilgin, 2025; Gazzola et al., 2019; Le Goues et al., 2012; Li et al.,
2020; Liu et al., 2019; Lutellier et al., 2020; Monperrus, 2018). Yet a persistent difficulty is that
a patch can satisfy the available test suite while still being semantically wrong, a phenomenon
usually described as test-suite overfitting (Le et al., 2018; Long & Rinard, 2016a; Martinez et al.,
2017; Qi et al., 2015; Smith et al., 2015). Automated patch correctness assessment (APCA)
responds to this problem by ranking or classifying plausible patches using static, dynamic,
learned, semantic, and hybrid signals (Fuster-Pena et al., 2026; Ghanbari & Marcus, 2022;
Le-Cong et al., 2023; Martinez et al., 2024; Tian et al., 2020; Wang et al., 2020; Xiong et al.,
2017).

The dominant evaluation question in APCA is predictive: how accurately does an assessor
label or rank patches? That question is necessary, but not sufficient for understanding the
evidential basis of an assessment. Suppose two candidate repairs expose exactly the same
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assessor-visible representation while independent ground truth assigns opposite correctness
claims. No deterministic downstream classifier restricted to that representation can distinguish
them. Conversely, a representation may be structurally resolving even when a particular learned
classifier performs poorly. Prediction and evidence resolution are therefore related but logically
distinct.

This paper develops Repair Evidence Resolution (RER), an APR-specific operational frame-
work for this distinction. The intended contribution is not the generic mathematics of partitions,
observational equivalence, version spaces, teaching dimension, certificate complexity, uncertainty,
or test completeness; those areas are well established (Barr et al., 2015; Geifman & El-Yaniv,
2017; Goldman & Kearns, 1995; Gulwani, 2011; Jia & Harman, 2011; Lau et al., 2003; Offutt,
1992; Vovk et al., 2005). Instead, RER organizes these ideas around a concrete APCA audit
question: does the evidence actually used by an assessor resolve the repair claim it emits over
the declared repair population, and does that conclusion transfer beyond the evaluated subset?

Figure 1 summarizes the resulting three-layer view. Prediction measures empirical decision
quality. Resolution asks whether the visible evidence merges repairs lying on opposite sides of
the declared claim. Transfer asks whether apparent resolution on an evaluated surrogate persists
in the larger repair population of interest.

Prediction Resolution Transfer
How often right? Does it survive a new repair population?

Can visible evidence separate opposite claims?

Figure 1: Three distinct evaluation layers for automated patch correctness assessment.

The paper makes four contributions. First, it formalizes repair-claim resolution (RCR),
claim-conflict witnesses (CCWs), resolution deficit (RD), claim-resolution profiles (CRP), and
claim-boundary completeness (CBC). Second, it proves elementary but useful separation state-
ments while explicitly identifying special cases that reduce to classical teaching sets, certificate
complexity, and conformance-style completeness. Third, it provides deterministic software for
exact finite audits, structured calibration experiments, and real-artifact analysis. Fourth, it
reports two empirical findings on a publisher-verified ASE 2020 APCA artifact: evidence-channel
enrichment eliminates all observed exact mixed cells, and restricted evaluation subsets can
appear resolved with high exact probability even when the parent observed corpus is not.

2 Background and Related Work

2.1 Automated program repair and overfitting

APR research spans search-based repair, redundancy assumptions, mutation and templates,
semantic synthesis, code transformation learning, neural translation, and recent foundation-
model-based systems (Dikici & Bilgin, 2025; Jiang et al., 2018; Le Goues et al., 2012; Li et al.,
2020; Liu et al., 2019; Long & Rinard, 2016b; Lutellier et al., 2020; Nguyen et al., 2013; Weimer
et al., 2009; Wen et al., 2018; Xia & Zhang, 2022; Xia et al., 2023; Xuan et al., 2017; Zhu
et al., 2021). Benchmarks such as Defects4J have enabled controlled comparison but also
make ground-truth, labeling, fault-localization, and benchmark-representativeness assumptions
consequential (Just, Jalali, & Ernst, 2014; Just, Jalali, Inozemtseva, et al., 2014; Kochhar et al.,
2016; Pearson et al., 2017; Ye et al., 2014).
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Test-suite overfitting is now a standard threat in generate-and-validate APR. Empirical
studies showed that plausible patches can preserve supplied tests while failing additional semantic
obligations, and that developer/reference patches are useful but not necessarily unique semantic
oracles (Le et al., 2018; Long & Rinard, 2016a; Martinez et al., 2017; Qi et al., 2015; Smith
et al., 2015). The oracle problem in testing reinforces the broader point that observed executions
and asserted outcomes can under-specify intended behavior (Barr et al., 2015; Fraser & Arcuri,
2011; Pacheco et al., 2007; Staats et al., 2012).

2.2 Patch correctness assessment

APCA methods include test-generation approaches, semantic similarity, dynamic behavior,
invariant reasoning, static code features, learned representations, ranking models, and hybrid
combinations (Csuvik et al., 2020; Fuster-Pena et al., 2026; Ghanbari & Marcus, 2022; Le-Cong
et al., 2023; Martinez et al., 2024; Tian et al., 2020; Wang et al., 2020; Xiong et al., 2017). Wang
et al. compared multiple static and dynamic APCA techniques on 902 patches from 21 APR
tools and reported substantial complementarity across assessors (Wang et al., 2020). Shibboleth
combines syntactic similarity, semantic similarity, and branch-coverage change (Ghanbari &
Marcus, 2022). Invalidator combines semantic invariants with a learned syntactic representation
(Le-Cong et al., 2023). xTestCluster clusters patches by behavior on generated tests (Martinez et
al., 2024). Recent reasoning-model approaches continue to push static APCA toward foundation
models (Fuster-Pena et al., 2026).

RER does not replace any of these assessors. It provides an orthogonal audit: for the
representation actually supplied to an assessor, which correctness distinctions are structurally
visible, which remain merged, and how sensitive is that conclusion to the evaluated patch
population?

2.3 Equivalence, learning, completeness, and uncertainty

The underlying mathematical ancestors are broad. Version spaces and programming-by-example
characterize candidate programs consistent with examples (Gulwani, 2011; Lau et al., 2003;
Mitchell, 1982). Teaching dimension studies how many examples distinguish a target concept
within a concept class (Goldman & Kearns, 1995; Zilles et al., 2011). Certificate complexity
studies partial information sufficient to force a Boolean property (Buhrman & de Wolf, 2002).
Observational equivalence and abstraction formalize when programs or states cannot be distin-
guished by an observation language (Cousot & Cousot, 1977; Milner, 1989). Mutation testing,
coupling, and subsumption ask whether generated mutants provide useful surrogates for real
faults and test obligations (Ammann et al., 2014; DeMillo et al., 1978; Jia & Harman, 2011;
Offutt, 1992). Selective prediction and conformal prediction distinguish uncertainty/risk control
from ordinary classification (Angelopoulos & Bates, 2023; Chow, 1970; Geifman & El-Yaniv,
2017; Vovk et al., 2005).

Recent software-engineering methodology also cautions against treating benchmark scores
as self-interpreting evidence. Defect-prediction studies have shown that validation design,
parameter tuning, researcher degrees of freedom, data leakage, class imbalance, and dataset shift
can materially change reported performance (Ghotra et al., 2015; Hall et al., 2012; Herbold et al.,
2018; Kapoor & Narayanan, 2023; Lessmann et al., 2008; Menzies & Shepperd, 2019; Saito &
Rehmsmeier, 2015; Shepperd et al., 2014; Tantithamthavorn et al., 2017, 2019). Reproducibility
work likewise emphasizes executable artifacts, transparent experimental protocols, and separation
between code availability and successful independent reproduction (Collberg & Proebsting, 2016;
Kitchenham et al., 2002; Pineau et al., 2021; Runeson & Höst, 2009; Wohlin et al., 2012). RER
follows that discipline by freezing machine-readable results, checking primary-archive integrity,
and stating explicitly which claims were reproduced from released outputs versus which remain
future replications.
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These literatures prevent overclaiming. Exact target identification under coordinate ob-
servations reduces to teaching-set ideas; minimum evidence for a binary property reduces to
certificate-like structure; and test-only/full-specification special cases can reduce to relative
test completeness. The APR-specific object retained here is the joint operationalization of
assessor-visible heterogeneous evidence, a declared repair claim, and an evaluated surrogate repair
population, with executable conflict witnesses and transfer diagnostics.

RER also connects naturally to robustness and distribution-shift research. Adversarial
robustness asks how predictions change under controlled perturbations, while out-of-distribution
and dataset-shift studies ask whether predictive behavior persists when the input distribution
changes (Carlini & Wagner, 2017; Goodfellow et al., 2015; Madry et al., 2018; Northcutt
et al., 2021; Ovadia et al., 2019; Quinonero-Candela et al., 2009; Recht et al., 2019; Szegedy
et al., 2014; Torralba & Efros, 2011). Those questions become important for continuous APCA
representations, where exact equality may be too fine to expose meaningful effective collisions.
We therefore keep exact RER separate from future tolerance- or margin-based extensions rather
than silently importing an arbitrary distance threshold.

3 Repair Evidence Resolution

Let P0 be a known defective program, R(P0) a declared admissible repair population, OE : R →
ΩE the evidence representation visible to an assessor, and c : R → C a declared repair claim.

Definition 1 (Evidence equivalence). Two repairs are evidence-equivalent under E when

ri ∼E rj ⇐⇒ OE(ri) = OE(rj).

The corresponding evidence cell of r is [r]E = {r′ ∈ R : r′ ∼E r}.

Definition 2 (Repair-Claim Resolution). Evidence E resolves claim c over R when every
evidence cell is claim-homogeneous:

RCR(R, E, c) = 1 ⇐⇒ ∀ri, rj ∈ R, ri ∼E rj ⇒ c(ri) = c(rj).

Definition 3 (Claim-Conflict Witness). A claim-conflict witness (CCW) is a pair (r+, r−) such
that

OE(r+) = OE(r−), c(r+) ̸= c(r−).

Any CCW proves RCR(R, E, c) = 0.

Definition 4 (Resolution Deficit). For a finite repair population,

RD(E, c) =
|{r ∈ R : [r]E is claim-mixed}|

|R|
.

A cell-count analogue is

RDcell(E, c) =
|{C ∈ R/∼E : |c(C)| > 1}|

|R/∼E |
.

Proposition 1 (Confidence does not imply structural resolution). For every confidence threshold
α < 1, there exists a finite repair population and representation for which a deterministic classifier
attains confidence greater than α and accuracy arbitrarily close to one while RCR fails.

Proof. Place N − 1 positive repairs and one negative repair in the same evidence cell, predict
positive, and assign confidence 1− ϵ > α. Accuracy is 1− 1/N → 1, but the cell remains mixed
for every finite N ≥ 2.

4



Proposition 2 (Cell impurity lower bound). For a finite evidence cell Cz with n0(z) nega-
tive and n1(z) positive repairs, every deterministic classifier based only on z makes at least
min(n0(z), n1(z)) errors under uniform counting on the cell.

The proposition is elementary classification theory rather than a standalone novelty claim.
Its role is to connect structural mixed cells to a lower bound that cannot be repaired by changing
only the downstream decision rule.

3.1 Claim-resolution profiles

Different repair claims can induce different requirements on the same evidence. For claims
c1, . . . , ck, define

CRP(E,R) = (RCRc1 , . . . ,RCRck).

A natural hierarchy includes passing supplied tests, repairing the reported failure, preserving
declared regressions, satisfying a semantic specification, and behavioral equivalence to an accepted
contract. RER is therefore claim-relative rather than a single scalar notion of evidence adequacy.

A second connection is to active information acquisition. Active learning, membership
queries, and oracle-guided synthesis study which additional observations most efficiently shrink
a candidate set (Alur et al., 2013; Angluin, 1988; Hanneke, 2014; Jha et al., 2010; Peleg et al.,
2018; Settles, 2009). RER differs in emphasis: it first diagnoses whether the currently visible
evidence already resolves a declared repair claim, and only then asks which evidence channel
should be added. This distinction matters because evidence enrichment can be justified by the
specific claim-conflict cells it splits rather than only by aggregate predictive gain.

4 Surrogate Transfer and Claim-Boundary Completeness

Empirical APCA studies evaluate a finite patch corpus G rather than an exhaustive semantic
repair universe R. A sample can be homogeneous even when a larger evidence cell contains
repairs with the opposite claim.

Definition 5 (Claim-Boundary Completeness). Let G ⊆ R. G is claim-boundary complete
(CBC) for (E, c,R) when

∀C ∈ R/∼E , |c(C)| > 1⇒ |c(C ∩G)| > 1.

Theorem 1 (Exact transfer under CBC). If G satisfies CBC, then

RCR(G,E, c) = 1 ⇐⇒ RCR(R, E, c) = 1.

Proof. The reverse implication follows by restriction. For the forward implication, suppose
the full population were unresolved. Then some evidence cell C would contain at least two
claim values. CBC requires C ∩ G also to contain at least two claim values, contradicting
RCR(G,E, c) = 1.

CBC is deliberately an exact, worst-case transfer condition. It is not a replacement for
PAC-style statistical generalization or generic benchmark representativeness. Instead it isolates
the precise boundary-preservation requirement needed for the specific conclusion “the evaluated
evidence is claim-resolving.”
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5 Algorithms

Algorithm 1 gives the exact finite RER audit. The key implementation discipline is to construct
cells without using correctness labels and attach labels only after the evidence partition has
been formed.

Algorithm 1: Exact RER audit for a finite repair population

Input: Repairs R, evidence map OE , claim labels c
Output: RCR, RD, mixed cells, CCWs
Create an empty map M from evidence signatures to repair lists;
foreach r ∈ R do

z ← OE(r);
append r to M [z];

mixed← ∅;
foreach cell C in M do

if |{c(r) : r ∈ C}| > 1 then

add C to mixed;

RCR← (|mixed| = 0);
RD ←

(
∑

C∈mixed |C|
)

/|R|;
Emit all opposite-claim pairs within each mixed cell as CCWs;
return RCR,RD,mixed, CCWs;

Algorithm 2 computes the exact false-resolution probability for fixed-size sampling from a
finite observed parent population. For each mixed parent cell with ai correct and bi incorrect
members, the generating polynomial counts sample choices that take members from at most one
side of the claim boundary.

Algorithm 2: Exact false-resolution probability under fixed-size sampling

Input: Parent population R, mixed-cell counts (ai, bi), sample size n
Output: Pr(RCR(G) = 1 | RCR(R) = 0)
Let u be the number of records outside all mixed parent cells;
Initialize polynomial P (x)← 1;
foreach mixed cell (ai, bi) do

Qi(x)← 1 +
∑

k≥1
[
(

ai
k

)

+
(

bi
k

)

]xk;

P (x)← P (x)Qi(x);

F ←
∑

k[x
k]P (x)

(

u
n−k

)

;

return F/
(

|R|
n

)

;

6 Software and Reproducibility

Following the mathematical development of RER, we implemented the definitions and exact
finite procedures as deterministic software. The implementation enumerates finite evidence cells,
emits CCWs, computes RCR and RD, evaluates claim-resolution profiles and CBC, and contains
brute-force calibration tests and reproducibility scripts. We then applied the implementation to
the released empirical artifact and used the resulting machine-readable outputs for the analyses
reported below. Data, source code, reproducibility scripts, and frozen result artifacts are available
at https://github.com/Arithmetic-Power-Geometry/Repair-Evidence-Theory. The ASE 2020
primary archive used here was verified by MD5 before analysis.
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7 Empirical Study

7.1 Artifact and research questions

We use the public artifact accompanying the large-scale APCA study of Wang et al. (Wang
et al., 2020). The released PATCH-SIM/E-PATCH-SIM archive contains generator-specific patch
directories with a human-readable result file. The first line stores the released correctness label;
the next two lines contain the two released numeric evidence vectors. The archive analyzed in this
study matched the publisher-provided MD5 checksum e3b68e17dd4be6a2bafadd6c6b30b52e.

We ask two questions. RQ1: Does either released evidence channel, or their combination,
contain exact opposite-correctness cells on the observed patch corpus? RQ2: If the parent
observed corpus is unresolved under an evidence channel, how often can a smaller evaluation
surrogate falsely appear resolved?

7.2 RQ1: evidence-channel resolution

Table 1 reports the exact-cell audit. EvoSuite contributes 879 records and Randoop 883, for
1,762 generator-aware records. Vector 1 alone produces nine mixed cells covering 43 records in
the combined corpus, corresponding to RD=2.44%. Vector 2 alone and the full pair contain no
exact cross-label cells on this observed corpus.

Table 1: Exact repair-evidence resolution on the released ASE 2020 artifact.

Generator Representation Records Cells Mixed Mixed members RD

EvoSuite Full pair 879 517 0 0 0
EvoSuite Vector 1 879 451 3 12 0.0137
EvoSuite Vector 2 879 331 0 0 0
Randoop Full pair 883 644 0 0 0
Randoop Vector 1 883 535 6 31 0.0351
Randoop Vector 2 883 480 0 0 0
Combined Full pair 1762 1161 0 0 0
Combined Vector 1 1762 986 9 43 0.0244
Combined Vector 2 1762 811 0 0 0

Figure 2 visualizes the same result. The important observation is not that “more features
improve accuracy.” No classifier is needed for the statement. The additional evidence channel
changes the evidence partition itself: concrete mixed cells present under Vector 1 disappear
under Vector 2 and the full pair.
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Figure 2: Resolution deficit under the released evidence channels. Vector 1 alone contains mixed
correctness cells; Vector 2 and the full pair do not under exact equality on this observed corpus.

The null result for the full pair is equally important. It falsifies the naive expectation that a
detailed continuous representation will necessarily contain many exact cross-label duplicates.
Exact RER can therefore be highly representation-dependent, and continuous representations
may yield singleton or pure cells even when downstream prediction remains imperfect. This
motivates future effective-representation and robustness analyses but does not justify redefining
near-neighbors as exact CCWs after observing the result.

7.3 RQ2: exact false resolution under sampling

The nine mixed Vector-1 cells have correct/incorrect membership counts (1, 2), (5, 1), (1, 2),
(1, 1), (1, 1), (1, 15), (2, 1), (2, 1), and (1, 4). Forty-three records lie in these cells; the remaining
1,719 records are outside them. Algorithm 2 therefore gives an exact hypergeometric/generating-
function calculation for fixed-size samples.

Table 2 and Figure 3 show the resulting probabilities. A uniformly drawn sample of 100
records appears completely claim-resolving under Vector 1 with probability 0.9129 even though
the 1,762-record parent corpus is unresolved. At n = 400 the probability remains 0.3397. It falls
below 0.025 only by n = 800.

Table 2: Exact probability that a fixed-size evaluation surrogate is claim-resolving under Vector
1 although the full observed parent corpus is not.

Sample size n Exact false-resolution probability

25 0.993740
50 0.975810

100 0.912890
200 0.725448
400 0.339655
800 0.024354
1200 0.000209
1500 0.000000174
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Figure 3: Exact false-resolution probability versus evaluation-surrogate size for Vector 1.

The Vector-2 and full-pair negative controls have no mixed parent cells, so parent-relative
false resolution is zero by construction. The result is therefore not a generic sampling artifact: it
appears exactly where the parent evidence representation crosses the correctness boundary.

8 Discussion

8.1 What RER adds to APCA evaluation

Prediction metrics and RER metrics answer different questions. Accuracy, F1, AUC, ranking
metrics, calibration, and selective risk quantify the behavior of a predictor (Fawcett, 2006;
Geifman & El-Yaniv, 2017; Guo et al., 2017; Niculescu-Mizil & Caruana, 2005). RER inspects
whether the predictor’s evidence representation merges opposite claims before the downstream
model is considered. In the finite deterministic setting, a mixed evidence cell is an explicit
certificate that no deterministic function of that representation alone can perfectly classify every
member of the cell.

This distinction also clarifies evidence enrichment. APCA work has long observed that static
and dynamic techniques can be complementary (Ghanbari & Marcus, 2022; Le-Cong et al., 2023;
Wang et al., 2020). RER offers a structural interpretation of complementarity: a new evidence
channel can refine an evidence partition and split cells that cross the correctness boundary.
Table 1 provides a direct example in the released artifact.

8.2 What RER does not claim

RER does not claim that passing tests can establish semantic correctness, that observational
equivalence is new, that feature collisions are new, or that subset representativeness is a new
general problem. It also does not claim that the 1,762-record corpus is the complete semantic
repair universe. RCR=1 on an observed finite population means only that no exact cross-label
collision was found under the declared representation and claim on that population. CBC makes
the transfer assumption explicit rather than silently equating a benchmark with the universe it
is intended to represent.
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8.3 Implications for benchmark design

Benchmark construction in software engineering has repeatedly raised questions of representative-
ness, labeling quality, hidden duplicates, project imbalance, and transfer (Just, Jalali, & Ernst,
2014; Kochhar et al., 2016; Pearson et al., 2017; Wang et al., 2020). RER adds a claim-specific
structural check: does the evaluated patch set expose the claim-boundary crossings that exist
within the evidence cells of the population about which the study intends to conclude? The
exact false-resolution curve in Figure 3 demonstrates that even random sampling can hide all
observed boundary crossings at surprisingly large sample sizes when mixed cells are sparse.

9 Threats to Validity

Construct validity. Exact equality is a strict notion of evidence indistinguishability. For
high-dimensional continuous representations, exact duplicates may be rare. We therefore avoid
interpreting an absence of exact CCWs as proof of semantic sufficiency. Near-collision or
robustness analyses require separately justified tolerances tied to model behavior, precision, or
perturbation semantics.

Internal validity. The empirical parser uses only the released human-readable result files.
Labels are attached after evidence cells are constructed. The primary ZIP checksum was verified
before analysis. We observed a provenance ambiguity between stored outputs and bundled
classifier bytecode; consequently, this paper treats the stored released results as the artifact
under audit and does not claim historical classifier regeneration.

External validity. The current quantitative results concern one published APCA artifact
and two test generators. The theory and software are general, but empirical prevalence is not.
Independent replication on Shibboleth, Invalidator, xTestCluster, and newer reasoning-based
assessors is future work (Fuster-Pena et al., 2026; Ghanbari & Marcus, 2022; Le-Cong et al.,
2023; Martinez et al., 2024).

Conclusion validity. The CBC experiment is exact relative to the finite observed parent
population and uniform fixed-size sampling; it is not a distribution-free statement about all
future repairs. Its purpose is to demonstrate the existence and magnitude of false resolution
under a transparent finite model.

10 Conclusion

Patch correctness assessment has largely been evaluated as a prediction problem. This paper
introduces a complementary structural question: before asking whether a model predicts
correctness well, does the evidence supplied to that model actually separate repairs that demand
opposite correctness decisions? Repair Evidence Resolution formalizes this question through
repair-claim resolution, claim-conflict witnesses, resolution deficit, claim-resolution profiles,
and claim-boundary completeness. The framework deliberately imports rather than renames
established ideas where reductions exist, including teaching/certificate-complexity and test-
completeness special cases.

A deterministic implementation and a publisher-verified ASE 2020 artifact show why the
distinction matters. One released evidence channel leaves nine mixed correctness cells spanning
43 patches, while a second channel and the combined representation remove all observed exact
conflicts. More strikingly, a 100-record random evaluation subset has an exact 91.29% probability
of appearing resolved even though the 1,762-record parent population is not. These findings
support a three-layer view of APCA evaluation: prediction asks how often the assessor is right,
resolution asks whether its evidence can express the required distinction, and transfer asks
whether that structural conclusion survives beyond the evaluated surrogate. Future work should
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test these layers across independent APCA systems and develop principled robustness notions
for continuous learned representations.

Data and Code Availability

All software, reproducibility scripts, workflow definitions, and frozen result artifacts are available
at https://github.com/Arithmetic-Power-Geometry/Repair-Evidence-Theory. The empirical
study uses the public ASE 2020 APCA replication artifact described by Wang et al. (2020); the
software verifies the publisher checksum before analysis.
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Evaluating representation learning of code changes for predicting patch correctness
in program repair. 35th IEEE/ACM International Conference on Automated Software
Engineering, 981–992. https://doi.org/10.1145/3324884.3416532

Torralba, A., & Efros, A. A. (2011). Unbiased look at dataset bias. CVPR, 1521–1528. https:
//doi.org/10.1109/CVPR.2011.5995347

Vovk, V., Gammerman, A., & Shafer, G. (2005). Algorithmic learning in a random world.
Springer. https://doi.org/10.1007/b106715

Wang, S., Wen, M., Lin, B., Wu, H., Qin, Y., Zou, D., Mao, X., & Jin, H. (2020). Automated
patch correctness assessment: How far are we? 35th IEEE/ACM International Conference
on Automated Software Engineering, 968–980. https://doi.org/10.1145/3324884.3416590

Weimer, W., Nguyen, T., Le Goues, C., & Forrest, S. (2009). Automatically finding patches using
genetic programming. 31st International Conference on Software Engineering, 364–374.
https://doi.org/10.1109/ICSE.2009.5070536

Wen, M., Chen, J., Wu, R., Hao, D., & Cheung, S.-C. (2018). Context-aware patch generation for
better automated program repair. 40th International Conference on Software Engineering,
1–11. https://doi.org/10.1145/3180155.3180233
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