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Abstract

Code agents often produce near-correct programs that fail executable checks. This study evaluates an execution-feedback
repair agent (EFR) that converts test outcomes into structured evidence, localizes suspicious code, proposes bounded
abstract-syntax-tree edits, and re-ranks remaining patches after failed attempts. All 164 HumanEval tasks were used. After
canonical solutions passed the official checks, one reversible fault was introduced per task across six edit families. The
1,582 dynamically executed assertions were split into 1,260 feedback and 322 held-out assertions, and 1,470 localized
proposals were executed. A task-grouped five-fold logistic ranker supplied a patch prior; coverage, exception
compatibility, and test-score changes supplied runtime evidence. EFR repaired 83.54% of programs within five attempts
and 87.80% within ten (95% Wilson interval, 81.91%-91.97%), compared with 82.32% for learned fixed-order search,
66.46% for coverage search, and 57.32% for random search. The ten-attempt policy averaged 2.77 attempts and 914.6
lexical tokens. Only one feedback-passing patch failed held-out verification. The results show that a learned prior
improves early efficiency, while bounded execution and evidence updates convert local failures into verified repairs.
Keywords—Code Agents, Automated Program Repair, Execution Feedback, Humaneval, Fault Localization, Iterative
Refinement, Test-Guided Repair

INTRODUCTION analysis frames telemetry as evidence for diagnosis [11].
Code generation has moved from token completion toward ~ Self-Debugging feeds execution observations back into a
agents that can write a program, invoke an execution previous program [12]. HDFS anomaly narratives with
environment, inspect the outcome, and continue acting. selective refusal illustrate evidence retention and abstention
Functional correctness remains behavioral: a plausible [13], while Reflexion stores verbalized task feedback
completion can preserve the requested signature yet fail on ~ across trials [14]. Retrieved normal prototypes support
a boundary case, exceptional input, or single operator. OpenStack failure analysis [15], Self-Refine repeatedly
HumanEval operationalized this distinction through critiques and edits an output [16], and drift monitoring with
executable checks [1]. Retrieval-summary integration for safe rollback limits harmful adaptation [17]. ReAct
code intelligence complements generation by helping a interleaves reasoning with external actions [18], and
system first locate and then explain candidate functions [2]. ~ residual fusion combines weak signals for VM degradation
Broader evaluations exposed the gap between surface risk [19]. These approaches share a central concern:
plausibility and test behavior across program-synthesis feedback must constrain the next action. Empirical work on
prompts [3] and APPS problems [4]. Deployment research code self-repair confirms that refinement without
likewise shows that model capability must be paired with ~sufficiently informative external evidence is not uniformly
an execution architecture that manages latency, cost, and reliable [20].

resource placement [5]. Competition-level candidate Automated program repair provides a complementary
sampling [6] and open multi-turn code generation [7] foundation. Early generate-and-validate systems searched
further demonstrate why generated programs require €xecutable patch spaces with genetic programming [21],
behavioral verification. These findings motivate treating and GenProg formalized repair through test-suite fitness
the first program as an intermediate state rather than a final [22]. SemFix translated failing behavior into repair
answer. constraints [23]. Later work established the strength of
Execution has already proved useful for selecting among random search [24] and the benefits of condition synthesis
generated programs. CodeT couples generated tests with [25], learned patch priors [26], symbolic multi-line
candidate agreement [8], while LLM-driven CI diagnosis reasoning [27], and precise predicate synthesis [28].
connects workflow logs to patch recommendation [9]. Surveys identify a persistent tension among search-space
LEVER learns to verify programs from specifications, —coverage, ranking, test adequacy, and patch overfitting
source code, and execution results [10], and AIOps fault [29]. Mutation testing supplies systematic fault operators
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[30], while CoCoNuT [31], CURE [32], and AlphaRepair
[33] use learned representations to improve proposals.
Large pretrained models expand patch variety but retain the
need for independent validation [34].

Patch selection is also a calibrated decision problem.
Human-uncertainty ~ distillation models disagreement
instead of collapsing it to a hard label [35], while
uncertainty-aware late fusion learns how confidence should
shape combination rules [36]. EFR follows the same
principle: a ranker score is a prior to be updated by
executable evidence, not a verdict.

Verification and evidence presentation are equally
important in high-stakes predictive systems. DenseNet-
based cancer classification [37] and MRD prediction for
multiple myeloma [38] exemplify settings where
measurable evaluation must accompany a prediction.
Autonomous-driving work combines perception fusion
[39], attention-enhanced image detection [40], and
retrieved evidence in traffic-sign explanation cards [41].
Evidence-grounded financial RAG [42], visual risk
dashboards [43], long-document clause retrieval [44],
progressive document rendering [45], and edge quality
prediction [46] similarly prioritize decision-relevant
evidence under limited attention or computation. These
patterns motivate EFR's explicit separation of observations,
ranking, and acceptance.

This paper connects these traditions through a model-
agnostic agent grounded in executed HumanEval checks. It
records assertion outcomes, exceptions, candidate-line
coverage, and test-score changes, then combines them with
a cross-validated patch prior. A repair counts only when the
selected program passes both the feedback assertions
available to the policy and the held-out assertions reserved
for final verification, separating visible completion from
generalization within the official checks.

The study asks how bounded iteration affects repair
accuracy, which evidence sources improve ranking and
efficiency, how difficulty varies by fault and symptom, and
how often feedback-passing patches fail held-out checks. It
evaluates all 164 tasks, six fault families, eleven
configurations, budgets from one to ten, and paired task-
level statistics. Figure 1 summarizes the loop.

Execution-feedback repair loop

Fig. 1. Execution-feedback repair architecture. Visible tests produce
structured evidence; held-out checks are used only after a candidate
is selected.

METHOD
A. Benchmark Construction and Test Partitioning
HumanEval contains 164 hand-written programming tasks,
each with a natural-language specification, a Python
function signature, a canonical implementation, and an
executable check function [1]. All 164 tasks were retained.

The canonical source for each task was normalized through
Python's abstract syntax tree and executed against the
complete official check function. Every canonical
implementation passed before any repair trial was created.
This validation step prevented harness faults from being
misclassified as repair failures.

Each official check was instrumented at the assertion level,
including repeated assertions inside loops. Across the
benchmark, 1,582 dynamic assertions were observed
(median seven; range one to 105). A deterministic hash
seeded with 2023 assigned about 80% of each task's
assertions to feedback and the remainder to held-out
verification while preserving at least one feedback
assertion for multi-check tasks. The split contained 1,260
feedback and 322 held-out assertions. Policies saw only
feedback assertions; final success required the complete
official stream.

One reversible first-pass fault was created per task by
enumerating single-node AST edits and selecting a failing
edit whose inverse remained one edit away. Six families
were used: arithmetic, comparison, Boolean, constant, call,
and condition. Cycling target families reduced
concentration in common operators, yielding 27, 30, 11, 35,
24, and 37 faults, respectively. Every program failed the
feedback and complete checks. Before repair, programs
passed 32.06% of feedback assertions and 32.44% of all
assertions on average. Tables I and II summarize the corpus
and proposals.

Reversibility provided a known local path without
revealing a task-specific template and enabled proposal-
recall analysis. The exact inverse was present for 143 of
164 tasks (87.20%); behaviorally equivalent edits could
still succeed when it was absent. Missing inverses therefore
expose proposal limitations rather than ranking errors.

TABLE I
HUMANEVAL EXECUTION CORPUS

Item Value Detail
HumanEval tasks 164 All tasks
Controlled first-pass faults 164 One revertseillsall(e fault per
Dynamic official assertions 1582 | Median 7; range 1-105
Feedback assertions 1260 79.6%
Held-out assertions 322 20.4%
Evaluated patch proposals 1470 Mean 8.96 per task
ginonical inverse in bounded proposal 143 87.20% of tasks

TABLE II
FAULT AND PROPOSAL-SPACE DISTRIBUTION
Fau‘lt Tasks Share Me.an raw Mean Canonical
family (%) neighbors proposed coverage (%)

Arithmetic 27 16.5 13.85 9.11 92.6
Comparison | 30 18.3 13.03 9.00 96.7
Boolean 11 6.7 24.36 11.91 54.5
Constant 35 213 16.71 9.06 77.1
Call 24 14.6 16.79 10.00 87.5
Condition 37 22.6 11.51 7.19 94.6
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Distribution of evaluated fault families
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Fig. 2. Distribution of the 164 controlled first-pass faults across six
edit families.

B. Execution Harness and Runtime Evidence

Each candidate ran in a fresh Python namespace. The
harness recorded assertion outcomes, exception details,
executed source lines, and exception locations. A hard
whole-check  timeout marked nonterminating or
excessively slow candidates as failures, including calls
made during test setup. This covered checks that invoke the
candidate inside loops before asserting on stored results.
Coverage was collected only for the initial faulty program
on feedback tests. With F failing assertions, ef(l) failing
assertions executing line 1, and ep(l) passing assertions
executing it, suspiciousness was
O(l)=ef(1)/sqrt(F[ef(1)+ep(1)]). Ochiai performs strongly for
fault localization [47], while Tarantula established
passing/failing coverage contrast [48]. Exception lines
received suspiciousness at least one, and the dominant
exception type added a small edit-family compatibility
score.

The feedback record is deliberately more structured than a
free-form diagnostic message. It contains evidence that can
be consumed by a deterministic policy, learned ranker, or
language-model planner. The same separation appears in
operational analytics: deep-autoencoder IoT analysis
converts traffic into anomaly signals [49], DDoS mitigation
maps monitored features to bounded interventions [50], and
C5.0 credit-risk modeling preserves an auditable decision
path [51]. Macro-market uncertainty fusion [52], Al-driven
customer risk analysis [53], and enterprise marketing
prediction [54] likewise keep observable inputs distinct
from downstream decisions. In EFR, assertion outcomes
and coverage play that intermediate role, keeping each
decision trace reproducible from saved candidate
evaluations and attempt logs.

C. Localized Patch Proposal Space

The generator enumerated one-edit AST neighbors under
the six legal families but received neither the original
mutation location nor inverse. Each proposal stored its
family, line, node context, transition, source-length change,
and operation description. It retained edits on the two most
suspicious lines plus globally strong alternatives, capped at
12 per task; smaller legal sets were kept in full.

The cap reduced 2,447 raw neighbors to 1,470 executed
proposals (8.96 per task); the raw space averaged 14.92
neighbors and initial coverage touched 5.35 lines. Because
execution has cost, the design separates proposal recall
from ranking: a valid patch must enter the bounded set and
be reached before the budget expires. Defects4] likewise
separates benchmark construction, test evidence, and repair
evaluation [55].

D. Cross-Validated Patch Prior

A class-balanced logistic model estimated complete-check
success from edit family, node and parent type, transition,
normalized line position, source-length change, and
operator prior. Five-fold group cross-validation used task
identifiers as groups and a fixed seed. Each task's
probabilities therefore came from a model trained only on
proposals from other tasks.

The ranker is intentionally compact. Its purpose is to test
whether transferable structural regularities improve search,
not to reproduce a large neural code model. Spectral rank
aggregation formalizes recovery of an ordering from noisy
comparisons [56]. E-commerce recommendation provides
a practical ranking setting [57], counterfactual learning-to-
rank emphasizes evaluation from logged feedback [58], and
uncertainty quantification for spectral estimators cautions
against treating a point score as certainty [59]. EFR
therefore uses the learned probability as an empirical prior
over patch shapes and delegates acceptance to execution.
The same interface could receive a prior from a code model,
retrieval system, or verifier without changing the
execution-feedback loop.

E. Repair Policies
Table III defines the policies. One-shot baselines selected
by static prior or cross-validated probability. Random
search executed up to five deterministically shuffled
proposals; coverage search combined Ochiai, exception
compatibility, and a static prior; learned search used fixed
probability order. No policy retained the failing first pass.
EFR combined learned and runtime signals. Candidate c on
line lc received
B(c)=3.0pL(c)+0.50(1c)+0.2E(c)+0.05S(c), using learned
probability, Ochiai, exception compatibility, and static
prior. After attempt t, positive feedback-score changes
accumulated as line evidence Dt(l), while non-improving
attempts accumulated by family Nt(g). Remaining
proposals were scored Bt(c)=B(c)+Dt(Ic)-0.15Nt(gc),
rewarding improving lines and modestly discouraging
repeatedly unsuccessful families.
A policy stopped when a candidate passed all feedback
assertions, then ran the complete stream including held-out
checks. If none passed within budget, the last candidate
became the final state. EFR used budgets of five and ten;
ten-attempt ablations removed dynamic re-ranking,
coverage, or the learned prior. Identical proposal
executions were reused across policies.

Table lii Repair Policy Configurations

Method Budget Runtime evidence Selection policy

No repair 0 None Initial program retained

Static 1 AST pri Highest fixed operator pri

heuristic prior ighest fixed operator prior

Learned 1 |c lidated patch prior | Highest learned probabilit

ranker ross-validated patch prior | Highest learned probability

Random 5 Binary test rosult Seeded random proposal

search order

Coverage 5 C tion t Ochiai localization plus

search overage, exception type error compatibility

Learned . . Top-ranked proposals in

scarch 5 Cross-validated patch prior fixed order

EFR agent 5 Coverage, exceptlop, test Re-rank after §ach failed
delta, learned prior execution
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Method | Budget Runtime evidence Selection policy
Coverage, exception, test Same policy with larger
EFR agent 10 delta, learned prior attempt budget

F. Metrics and Statistical Analysis

Repair Pass@] is the fraction repaired by the first proposal;
final repair requires all official checks. Mean attempts,
execution time, and lexical context quantify cost. The
context metric counts the specification, current source,
structured feedback, and attempted-patch descriptions
available at each decision. Feedback-pass and held-out-
pass counts measure visible completion and overfitting.
Wilson intervals quantify uncertainty around repair
proportions. Because every method was evaluated on the
same 164 tasks, paired differences were estimated with a
20,000-replicate task bootstrap. Exact McNemar tests
compared EFR with each baseline using discordant task
outcomes, and Holm correction controlled family-wise
error across six comparisons. These analyses use the task,
rather than an assertion or proposal, as the statistical unit.

RESULTS AND DISCUSSION

A. Overall Repair Effectiveness

Table IV and Figure 3 give the main comparison. Static
heuristic repaired 26.22% and the one-shot learned ranker
57.32%. Random search also reached 57.32% but averaged
3.51 attempts; coverage search reached 66.46%, and
learned fixed-order search 82.32%. Proposal ordering
therefore mattered more than undirected iteration.

EFR(5) repaired 137 of 164 tasks (83.54%) with 59.76%
Pass@1. EFR(10) repaired 144 (87.80%; 95% Wilson
interval, 81.91%-91.97%) while averaging 2.77 attempts,
85.9 ms, and 914.6 lexical tokens. Its median was one
because the first proposal repaired 98 tasks.

EFR's ten-attempt result exceeded the 87.20% rate at which
the exact inverse mutation appeared in the bounded
proposal set. This is not a contradiction: at least one task
was solved by a distinct proposal that was behaviorally
equivalent under every official assertion. The observation
is important for code agents because source-level identity
is stricter than functional repair. The evaluation
consistently uses complete-test behavior as the acceptance
criterion.

Paired tests in Table X confirm the gains. EFR(10) added
seven repairs over EFR(5) and nine over learned search,
with no losses; Holm-adjusted p-values were 0.0156 and
0.0078, respectively. The learned-search difference was
5.49 points with a 95% paired-bootstrap interval of 2.44-
9.15 points. Larger advantages over weaker baselines also
remained significant.

Table Iv Overall Repair Effectiveness And Cost

Pass@]1 | Final o Feedback Lexical | Exec.
Method (%) (%) 95% CI (%) Attempts tokens ms

No repair 0.00 0.00 10.00, 0.00 0.00 289.5 0.0
2.29]

Static

heuristic 2622 | 2622 20.09, 26.83 1.00 480.8 4.6
33.44]

(O]

Learned [49.66,

ranker (1) 57.32 57.32 64.63] 57.93 1.00 480.9 6.3

Random [49.66,

search (5) 20.73 57.32 64.63] 58.54 3.51 1009.5 67.1

Pass@1 | Final o Feedback Lexical | Exec.
Method (%) (%) 95% CI (%) Attempts tokens ms

Coverage [58.93,
search (3) 33.54 66.46 73.24] 67.07 3.09 936.8 63.2
Learned [75.76,
scarch (5) 57.32 82.32 87.40] 82.93 2.13 731.5 249
EFR agent [77.11,
) 59.76 83.54 88.43] 84.15 2.09 739.0 533
EFR agent [81.91,
(10) 59.76 87.80 91.97] 88.41 2.77 914.6 85.9

Repair success on 164 HumanEval first-pass failures
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Fig. 3. Full repair success with 95% Wilson intervals. Every method
was evaluated on the same 164 tasks.

B. Attempt Budget and Diminishing Returns

Table V and Figure 4 trace the same EFR policy as its
maximum budget increases. One attempt solved 59.76% of
tasks. A second attempt raised success to 69.51%, and a
third raised it to 78.05%. Five attempts reached 83.54%,
seven reached 86.59%, and ten reached 87.80%. The first
three attempts therefore delivered 78.05 of the final §7.80
percentage points, while attempts eight through ten added
only 1.22 points beyond the seven-attempt result.

Early stopping made cost sublinear: increasing the budget
from five to ten raised mean attempts from 2.09 to 2.77 and
tokens from 739.0 to 914.6. EFR(5) and learned search suit
cost-sensitive settings, while EFR(10) supplies seven
additional verified repairs. A larger maximum budget
therefore need not impose its full cost on easy tasks.

Table V Efr Attempt-Budget Sensitivity

Murimam | g | Feetbak | gfn | erea
(%) used tokens

1 59.76 60.37 1.00 496.0
2 69.51 70.12 1.40 578.7
3 78.05 78.66 1.70 644.6
5 83.54 84.15 2.09 739.0
7 86.59 87.20 2.39 816.3
10 87.80 88.41 2.77 914.6
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Accuracy-compute behavior of the EFR policy
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Fig. 4. EFR success as the maximum repair budget grows from one
to ten attempts.

C. Fault-Family Behavior

Table VI and Figure 5 reveal substantial heterogeneity
across fault families. EFR(10) repaired 96.67% of
comparison faults and 97.30% of condition faults. These
categories often produce sharply contrasting passing and
failing paths, which gives coverage localization a useful
line-level signal. Arithmetic repairs reached 92.59%, and
call repairs reached 87.50%. The five-attempt policy
already solved 88.89% of arithmetic faults and all call
faults that were eventually solved, indicating that the
learned prior placed many call corrections early.

Constant faults benefited most from additional search,
rising from 57.14% at five attempts to 74.29% at ten.
Boolean faults were hardest at 63.64%, and their exact
inverse appeared in only 54.55% of bounded sets versus
more than 92% for arithmetic, comparison, and condition
faults. This points to proposal recall: expanding or learning
Boolean edits is more promising than reordering the same
12 candidates.

Coverage search was particularly strong on comparison and
condition faults but weak on Boolean and call faults. This
pattern explains why coverage alone reached 66.46%
overall yet trailed learned search by 15.85 points. Spectrum
localization identifies where behavior diverges; it does not

necessarily identify which syntactic transition is
appropriate. The learned prior supplies that complementary
preference.
Table Vi Full Repair Success By Fault Family (%)
Fault family | Tasks | Coverage-5 | EFR-10 | EFR-5 | Learned-5 | Random-5
arithmetic 27 519 926 | 889 852 55.6
comparison 30 93.3 96.7 96.7 96.7 66.7
boolean 11 273 636 | 63.6 63.6 273
constant 35 714 743 | 571 543 543
call 24 333 875 | 875 875 417
condition 37 83.8 973 | 973 973 73.0

Repair success by fault family (%)
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Fig. 5. Repair success by fault family and policy. Values are
percentages of tasks in each family.

D. Failure Symptoms and Diagnostic Value

AssertionFailure dominated 145 tasks; EFR(10) repaired
86.21%, versus 81.38% for learned search and 64.83% for
coverage search. All eight TypeError tasks were repaired
by learned search and both EFR budgets, and the eleven

pooled IndexError, ZeroDivisionError, ValueError,
AttributeError, and timeout tasks reached 100% with
EFR(10) (Table VII).

Exception compatibility is most useful when runtime type
or arithmetic information narrows the edit family. Agents
should therefore retain exception classes and locations
rather than collapse execution to a binary reward. The small
groups limit generalization: the 100% values cover eleven
pooled tasks and eight TypeError tasks.

Table Vii
Full Repair Success By Initial Failure Symptom (%)
Initial symptom | Tasks | Coverage-5 | EFR-10 | EFR-5 | Learned-5
AssertionFailure | 145 64.8 86.2 82.1 81.4
Other exception 11 81.8 100.0 90.9 81.8
TypeError 8 75.0 100.0 | 100.0 100.0
E. Evidence Ablations

Table VIII separates early ranking from final budget
saturation. Removing dynamic re-ranking left final ten-
attempt accuracy unchanged at 87.80% and changed mean
attempts only from 2.77 to 2.76. Once ten of at most twelve
proposals can be tried, the fixed base ranking already
reaches nearly every solvable candidate. Dynamic updates
are therefore not the source of the final ten-attempt gain.
Removing coverage lowered Pass@1 from 59.76% to
56.71% and raised mean attempts from 2.77 to 2.86, but
final accuracy stayed 87.80%. Removing the learned prior
reduced Pass@]1 to 32.93%, increased attempts to 3.88 and
tokens to 1,139.8, and lowered final repair to 86.59%. The
prior drives efficiency; execution evidence supports
localization, stopping, and recovery.

At five attempts, dynamic EFR repaired 83.54% versus
82.32% for fixed learned search at similar cost. Feedback
therefore helps most before the budget approaches
enumeration. On this bounded single-edit benchmark,
repeated execution is useful, but dynamic re-ranking
becomes less important when nearly all proposals can be
tried.
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Table Viii Ten-Attempt Efr Ablations

Repair Final Mean Mean
q n Mean N "
Configuration Pass@1 repair i lexical execution

(%) (%) P tokens ms

EFR agent (10) 59.76 87.80 2.77 914.6 85.9
ﬁ%l){ no dynamic 59.76 87.80 276 910.5 82.4
ﬁ%l){ 1o coverage 56.71 87.80 2.86 931.5 85.9
EFR no learned 32.93 86.59 3.88 1139.8 91.5

prior (10)

F. Feedback-Test Overfitting

Table IX compares visible completion with complete
verification. Learned search produced 136 feedback-
passing patches, of which 135 passed the held-out
assertions. EFR(5) produced 138 feedback-passing patches
and 137 full repairs. EFR(10) produced 145 feedback-
passing patches and 144 full repairs. In each method,
exactly one visible-test success failed held-out verification,
corresponding to conditional generalization rates from
99.26% to 99.31%.

Only one feedback-passing patch failed held-out
verification. The low rate reflects the local search space and
dense official checks, not a general claim that visible tests
suffice. Without the held-out gate, three methods would
each receive one additional incomplete repair.

Table Ix Feedback-To-Held-Out Generalization

Method Feedback | Feedback pass | Full | Generalization among
not passed / held-out fail | repair feedback passes (%)
;Zi‘:l‘f?s) 28 1 135 99.26
fSF)R agent 26 1 137 99.28
ZFO'; agent 19 1 144 99.31

G. Effectiveness-Cost Tradeoffs and Agent Design

Figure 6 places repair success against lexical context cost.
The one-shot learned ranker is inexpensive but leaves 70
tasks unrepaired. Random search consumes the most
context among the principal baselines while matching the
learned ranker's accuracy. Coverage search improves
accuracy but remains less efficient than learned search.
EFR(5) adds 1.22 points over learned search for only 7.5
additional mean tokens, while EFR(10) adds a further 4.27
points for 175.6 additional tokens. These points define
practical choices rather than a single universally optimal
budget. Comparable finite-budget decisions appear in risk-
aware auto-bidding [60], constrained marketing allocation
[61], and digital-twin dispatch [62]: each allocates limited
resources to the highest-value actions rather than exploring
indefinitely.

Three design implications follow. Separate proposal
generation, ranking, and verification; return structured per-
test outcomes, exceptions, and coverage after execution;
and bound iteration with verified stopping. The median of
one attempt and flattening after seven show that fixed long
dialogues waste computation. Agents should spend effort
only while executable evidence supports another edit.

Repair effectiveness versus context cost

90
EFR (10)
o

’Eﬂe‘é is)

80
70

60 Learned ranker (1)

ndom (5)
[ )

e

0

Full repair success (%)

40

static (1)
L)

500 600 900 1000

Mean lexical context tokens
Fig. 6. Full repair success versus mean lexical context cost for the
principal repair methods.

Table X Paired Comparisons Against Efr(10)

(Tt Difference 95% EFR- Comparator- Holm
P (pp) paired CI only only P

EFR agent (5) 4.27 [1.22,7.32] 7 0 0.0156
(L;)ar“d search 5.49 [2.44,9.15] 9 0 0.00781
Coverage search [15.24, 1.75e-
s 21.34 28.0] 35 0 1o
Random search [23.17, 8.88e-
) 30.49 37.80] 50 0 15
Learned ranker [23.78, 8.88e-
m 30.49 37.80] 50 0 15
Static heuristic [54.27, 4.73e-
) 61.59 68.90] 101 0 30

Each first-pass program contains one controlled AST edit
to a HumanEval canonical solution. Real outputs may
contain interacting defects, missing algorithms, wrong
interfaces, fabricated dependencies, or misunderstood
specifications. The reported rates therefore measure local
functional repair, not end-to-end software engineering.
HumanEval comprises short, self-contained Python
functions and omits repositories, builds, services,
concurrency, APIs, and cross-file changes. Feedback and
held-out assertions originate from the same official checks,
so they can share input logic even though policies cannot
see the held-out partition. Independently authored tests may
reveal more overfitting.

The exact inverse appeared in 87.20% of bounded sets and
less often for Boolean and constant faults, so proposal
recall limits the ceiling. Other localization rules, larger
caps, or model-generated edits would change it. Legal edits
were single-node transformations, and passing official
checks established behavioral adequacy only within those
tests.

The learned prior and weights were developed on
HumanEval-derived instances. Grouped cross-validation
prevents target-task label leakage, but features and weights
may remain benchmark-specific; broader transfer requires
MBPP, APPS, Defects4J, and repository-level evaluation.
Approximately shared-feature learning suggests transfer
depends on partial source-target structure [63]. Educational
use also depends on feedback language and interaction
design, as bilingual CS instruction affects engagement and
learning [64]. Lexical tokens and runtime are most reliable
for within-experiment comparison.

Production execution needs stronger isolation than this
benchmark harness: containers or micro-VMs, quotas,
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filesystem and network restrictions, dependency allowlists,
and audit logs. Time limits and fresh namespaces were
sufficient here but are not a general security boundary.

V. CONCLUSION

Across all 164 HumanEval tasks, EFR executed 1,470
proposals against 1,582 assertions, exposed 1,260 to repair
policies, and reserved 322 for final verification. A cross-
validated structural prior drove early efficiency; coverage,
exceptions, and test deltas supplied runtime evidence.
EFR repaired 83.54% within five attempts and 87.80%
within ten, versus 82.32% for learned search, 66.46% for
coverage search, and 57.32% for random search. EFR(10)
averaged 2.77 attempts, significantly outperformed learned
search, and produced only one feedback-passing patch that
failed held-out checks. Most gains arrived by attempt five;
later trials addressed ambiguous constants and long-tail
rankings.

Reliable repair follows a disciplined loop: execute,
preserve structured evidence, localize, generate bounded
edits, rank with transferable priors, and verify before
acceptance. The loop can wrap deterministic repair or an
LLM agent, but executable behavior remains the arbiter of
correctness.
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