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Abstract 

Repository-scale software agents need constrained context before reasoning about a defect. This study evaluates retrieval 
and triage on all 500 human-validated SWE-bench Verified tasks from 12 Python repositories. Unified-diff parsing 
recovered 373 modified source paths and 1,220 source hunks. In the primary issue-only closed-world experiment, a leave-
one-repository-out reranker achieved 0.500 Hit@1, 0.747 Recall@5, and 0.625 MRR; its MRR gain over character TF-
IDF was 0.065 (95% CI 0.046-0.087; adjusted p < 0.001) and remained significant with equal repository weighting. 
Failing-test identifiers increased post-failure RRF MRR from 0.590 to 0.685, while issue-only word TF-IDF reached 
0.684 MRR on gold-selected pre-fix hunks. Nested cross-repository calibration yielded 0.139 PR-AUC, 0.632 ROC-
AUC, 0.082 Brier score, and 0.028 ECE for high-effort triage. Lexical localization was effective, but pre-execution effort 
forecasting remained limited; retrieval evidence, escalation, and executable repair should therefore remain separate stages. 
 
Keywords Software Engineering Agents, SWE-Bench Verified, Bug Localization, Information Retrieval, Reciprocal 
Rank Fusion, Learning To Rank, Probability Calibration,  Selective Triage. 
 

Abstrak 
Agen perangkat lunak berskala repositori memerlukan konteks yang dibatasi sebelum melakukan penalaran mengenai 
suatu cacat (bug). Studi ini mengevaluasi proses temu kembali (retrieval) dan triase pada seluruh 500 tugas SWE-bench 
Verified yang telah divalidasi manusia dari 12 repositori Python. Penguraian unified-diff berhasil mengidentifikasi 373 
jalur sumber yang dimodifikasi dan 1.220 hunk kode sumber. Dalam eksperimen utama closed-world yang hanya 
menggunakan informasi issue, metode reranker dengan pendekatan leave-one-repository-out mencapai skor Hit@1 
sebesar 0,500, Recall@5 sebesar 0,747, dan MRR sebesar 0,625; peningkatan MRR dibandingkan metode TF-IDF 
karakter adalah 0,065 (CI 95% 0,046–0,087; p yang disesuaikan < 0,001) dan tetap signifikan dengan pembobotan 
repositori yang setara. Penggunaan pengenal uji yang gagal (failing-test identifiers) meningkatkan MRR RRF pasca-
kegagalan dari 0,590 menjadi 0,685, sementara metode TF-IDF kata (khusus issue) mencapai MRR 0,684 pada hunk 
pra-perbaikan yang dipilih secara ideal (gold-selected). Kalibrasi lintas-repositori bertingkat menghasilkan skor PR-
AUC 0,139, ROC-AUC 0,632, Brier 0,082, dan ECE 0,028 untuk triase dengan upaya tinggi. Lokalisasi leksikal terbukti 
efektif, namun prakiraan upaya pra-eksekusi masih terbatas; oleh karena itu, tahap temu kembali bukti, eskalasi, dan 
perbaikan yang dapat dieksekusi sebaiknya tetap dipisahkan. 
 
Kata Kunci: Agen Rekayasa Perangkat Lunak, SWE-Bench Verified, Lokalisasi Bug, Temu Kembali Informasi, 
Reciprocal Rank Fusion, Learning To Rank, Kalibrasi Probabilitas, Triase Selektif. 
 
A. INTRODUCTION 
Repository-level issue resolution combines retrieval, 
program understanding, editing, and testing. SWE-bench 
contains 2,294 issue-pull-request pairs [1], and SWE-bench 
Verified retains 500 human-checked tasks [2]. Although 
flawed tests and contamination ended its use for frontier 
capability tracking [3], the fixed corpus remains suitable for 
transparent artifact analysis. This paper evaluates retrieval 
and pre-repair triage, not frontier-model capability. 

Repository navigation is central to end-to-end repair. SWE-
agent couples search, editing, and tests [4]; Agentless 
separates localization, repair, and validation [5]; and 
AutoCodeRover uses program-aware search [6]. 
RepoCoder alternates retrieval and generation [7], while 
data-flow retrieval adds structural evidence [8]. These 
systems motivate a controlled question: how much repair 
scope can transparent retrieval recover before generation? 
A CI-oriented pipeline likewise separates failure 
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classification, repair retrieval, and patch recommendation 
[9], although its evaluation did not use the original CI 
benchmark. A deterministic DevOps study further 
separates retrieval quality from command safety [10]. 

Semantic code search supplies the broader foundation. 
CodeSearchNet established natural-language-to-code 
retrieval [11]; CodeBERT [12] and GraphCodeBERT [13] 
connect language with program tokens; and RAG 
conditions generation on external evidence [14]. To avoid 
pretrained-corpus and compute confounds, this study uses 
deterministic local lexical models. A lightweight 
CodeSearchNet study similarly framed retrieval-
conditioned summaries as a find-then-explain workflow 
[15]. Outside code, an OMoS-QA evaluation found that 
word-character lexical fusion can improve page coverage 
while keeping answerability and abstention as separate 
decisions [16]. 

Operational RAG also requires traceability. DevOps 
studies distinguish recall from citation precision [17] and 
connect retrieved alerts to incident hypotheses [18]. 
Evidence-chain methods localize supporting text [19], [20], 
while calibrated evidence sufficiency supports abstention 
[21]. Cross-domain work on review-grounded 
recommendation likewise evaluates ranking quality 
separately from whether extracted evidence faithfully 
supports the score [22]. Accordingly, a ranked path or hunk 
is inspectable evidence, not proof of repair correctness. 

Issue-to-file retrieval predates language-model agents. 
BugLocator uses report similarity and fix history [23], 
BLUiR indexes structured report and code fields [24], and 
Bench4BL documents strong project effects [25]. Ranking 
features can predict localization success [26], and 
supervised lexical-project evidence improves file ranking 
[27]. Retrieval policies also trade cost for coverage [28], 
and ranking reliability can be predicted [29]. Spectral rank 
aggregation has pairwise-comparison guarantees [30], but 
RRF better matches the heterogeneous partial rankings 
used here. A FiQA comparison further found that a rewrite-
hybrid-listwise stack underperformed BM25, supporting 
strong lexical candidate pools and gated reranking rather 
than assumed complexity gains [31]. 

Four questions guide the study: RQ1 characterizes task and 
repair distributions; RQ2 compares source-path rankers; 
RQ3 isolates comments and failing-test identifiers and 
evaluates pre-fix hunk retrieval; and RQ4 tests cross-
repository patch-scope and effort triage. Figure 1 
summarizes the workflow. 

The contributions are: auditable file-, hunk-, and line-level 
parsing of all 500 accepted patches; a common-inventory 
comparison of transparent rankers under distinct evidence 
regimes; and repository-held-out scope and effort triage 
with nested calibration and escalation operating points. 
Localization scores are never treated as evidence of 
functional correctness. 

 
Figure 1 Retrieval and triage pipeline. Reference patches define 

labels and closed-world inventories; issue text supplies the 
primary query. 

B. METHODS 
Dataset And Analytical Scope 
The SWE-bench Verified Parquet distribution contains 500 
unique instances and 13 string-valued fields. Each record 
identifies a repository and base commit, provides an issue 
statement and optional pre-solution issue comments, stores 
the accepted developer source patch and regression-test 
patch, lists FAIL_TO_PASS and PASS_TO_PASS test 
identifiers, records environment and version metadata, and 
includes an annotator-estimated repair-effort category. 
Table 1 distinguishes issue-time inputs from evaluation-
only labels. For path localization and effort prediction, 
accepted patches defined evaluation labels and the 
reference-derived closed-world path inventories; source-
code additions and removals did not enter the queries or 
numeric effort features. For scope prediction, patch counts 
served only as targets. In the explicitly oracle hunk 
experiment, old-side context from accepted patches defined 
the candidate documents, while added solution lines were 
excluded. Failing-test identifiers were also excluded from 
the primary agent setting because the official benchmark 
hides tests from the agent; they were introduced only in the 
post-failure diagnostic ablation. 
 

Table 1 Dataset Fields, Analytical Roles, And Availability 
Controls. 

Field Analytical role Availability 

repo 

Repository 
grouping and 

candidate-pool 
boundary 

Issue time 

instance_id Task key Issue time 

base_commit Benchmark 
revision identity Issue time 

patch 

Labels, closed-
world inventories, 

and outcome 
statistics 

Evaluation 
only 

test_patch 
Reference 

regression-test 
change statistics 

Evaluation 
only 

problem_statement 
Primary retrieval 
and effort-model 

input 
Issue time 

hints_text 
Pre-solution 

issue-comment 
ablation 

Ablation 
only 

created_at 
Solution pull 

request creation 
date 

Evaluation 
only 

version 
Evaluation 
installation 

version 

Evaluation 
only 

FAIL_TO_PASS 
Post-failure 
identifier-

evidence ablation 

Diagnostic 
only 
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Field Analytical role Availability 

PASS_TO_PASS Test-suite scale 
description 

Evaluation 
only 

environment_setup_commit Environment 
identity 

Evaluation 
only 

difficulty 
Annotator-

estimated effort 
target 

Evaluation 
only 

 
The corpus covers 12 repositories. Django contributes 231 
instances and 123 distinct source-path candidates, whereas 
Flask contributes one instance and one candidate. In the 
analyzed Parquet snapshot, difficulty labels comprise 194 
tasks below 15 minutes, 261 from 15 to 60 minutes, 42 from 
one to four hours, and three above four hours. The high-
effort target combined the final two categories, yielding 45 
positives (9.0%). Table 2 reports repository counts and 
Figure 2 displays the imbalance directly. 
 

Table 2 Repository Distribution, Closed-World Source-Path 
Inventory, Hunks, High-Effort Tasks, And Multi-File Repairs. 

Repository N Paths Hunks High 
effort 

Multi-
file 

django/django 231 123 475 22 32 
sympy/sympy 75 87 267 7 8 

sphinx-doc/sphinx 44 29 108 5 8 
matplotlib/matplotlib 34 27 71 0 4 

scikit-learn/scikit-
learn 32 30 95 1 2 

astropy/astropy 22 24 50 3 3 
pydata/xarray 22 13 52 2 5 

pytest-dev/pytest 19 13 46 3 2 
pylint-dev/pylint 10 19 37 2 6 

psf/requests 8 4 12 0 0 
mwaskom/seaborn 2 3 6 0 1 

pallets/flask 1 1 1 0 0 
 

 
Figure 2 Repository Composition And Annotator-Estimated 

Repair-Effort Distribution. 

The compact distribution does not contain repository 
source trees, CI logs, rejected candidate patches, agent 
trajectories, or execution outcomes. Consequently, the 
experiments evaluate benchmark-local closed-world paths, 
a gold-selected pre-fix hunk pool, patch-plan attributes, and 
human effort. They do not report repository-wide fault 
localization, test passage, issue resolution, or semantic 
patch correctness. This boundary is essential because a set 
of accepted reference patches has no negative patch class 
from which a correctness predictor can learn. 

The instance, rather than an individual file or hunk, was the 
unit of evaluation. Multi-file tasks therefore contributed 
one task-level recall value instead of one observation per 
modified path. This prevents broad patches from 
dominating aggregate localization scores. Repository 
identifiers defined all outer train-test splits, so examples 

from the held-out project never entered supervised 
reranker, patch-plan, or effort-model fitting. Descriptive 
counts still cover the full snapshot, and the closed-world 
inventories intentionally use the set of reference-modified 
paths within each repository. The latter choice guarantees 
evaluable positives while making the reported localization 
problem narrower than repository-wide search. 

 
Diff parsing and labels 
A deterministic unified-diff parser read each diff --git 
header, file path, hunk header, context line, removed line, 
and added line. Source-patch labels were the complete set 
of developer-modified paths per instance. Hunk labels were 
the corresponding instance-path-hunk identifiers. 
Candidate hunk text contained the path, hunk header, 
unchanged context, and removed pre-fix lines; all added 
lines were excluded. The pool still consists only of gold-
selected hunks, so hunk retrieval is an oracle candidate-set 
analysis rather than a scan of every repository line. 

The parser recovered 623 source-file edits and 1,220 hunks. 
It counted 4,972 added and 2,195 removed source lines. 
Test-patch parsing recovered 664 file edits and 1,095 
hunks. JSON decoding converted FAIL_TO_PASS and 
PASS_TO_PASS to test-identifier lists. Descriptive 
statistics in Table 3 show strong right skew: the median 
source patch changes seven lines, but the maximum 
changes 232; the median task has one failing-test identifier, 
but one task has 438. Figure 3 shows the same distributions 
without allowing the extreme values to determine the visual 
scale. 

 
Table 3 Descriptive Statistics For Issues, Reference Source 

Patches, Regression-Test Patches, And Test Identifiers. 
Variable Mean Median Q1 Q3 Max 

Issue tokens 258.82
2 

181.00
0 

98.00
0 

311.50
0 

416
7 

Source files 1.246 1.000 1.000 1.000 21 
Source hunks 2.440 1.000 1.000 2.000 45 

Source changed 
lines 14.334 7.000 3.000 13.000 232 

Test files 1.328 1.000 1.000 1.000 14 
Test changed 

lines 23.976 16.000 8.000 28.000 471 

FAIL_TO_PAS
S identifiers 3.032 1.000 1.000 2.000 438 

PASS_TO_PAS
S identifiers 

120.28
4 50.500 19.00

0 
111.25

0 
247

6 
 

 
Figure 3 Issue length, reference source-patch size, and failing-

test-identifier distributions. 
  
Retrieval Models 
For path localization, each query was ranked only against 
the distinct source paths observed in reference patches from 
the same repository. This inventory gives every gold path a 
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candidate but reveals benchmark-wide path membership; 
results are therefore labeled closed-world. Paths were split 
on directories, punctuation, underscores, and camel case. 
The mention baseline assigned weight to exact paths, 
basenames, stems, and directory components. BM25 used 
k1 = 1.5 and b = 0.75, following the probabilistic relevance 
framework [32]. Word TF-IDF used one- and two-token n-
grams, sublinear term frequency, L2 normalization, and 
cosine similarity, grounded in classical term weighting 
[33]. Character TF-IDF used three- to five-character n-
grams, which preserve partial overlap between issue 
identifiers and path components. 

Reciprocal rank fusion combined mention, BM25, word 
TF-IDF, and character TF-IDF with score 1/(60 + rank), 
avoiding incompatible raw-score scales [34]. A logistic 
reranker used ten features: normalized values and within-
query rank percentiles for word TF-IDF, character TF-IDF, 
BM25, and mention matching, plus path depth and log 
candidate count. It used C = 1, balanced class weights, a 
fixed random seed, and leave-one-repository-out (LOGO) 
evaluation. Candidate pairs from the held-out repository 
never entered training. A random baseline averaged 50 
deterministic permutations per task. Table 4 lists the fixed 
configurations. 

All path candidates were sorted before indexing, and stable 
descending sorts made tied lexical scores deterministic. 
The supervised reranker used path name as its final tie 
breaker. Hit@1 asked whether any modified path appeared 
first; Recall@k measured the fraction of all modified paths 
recovered within the first k positions; Complete@5 
required every modified path to appear in the top five. MRR 
described the first relevant position, while MAP and 
nDCG@10 retained information about the ordering of 
multiple relevant paths. These complementary metrics 
distinguish finding one plausible file from recovering the 
complete repair surface. 

Table 4 Models, Inputs, And Fixed Hyperparameters. 

Model Input Configuration 
Word-
TFIDF 

Path or pre-fix 
hunk text 

1-2 word n-grams; sublinear 
TF; cosine 

Char-
TFIDF 

Path or pre-fix 
hunk text 3-5 character n-grams; cosine 

BM25 Path or pre-fix 
hunk text k1=1.5, b=0.75 

RRF Four base 
rankings 1/(60+rank) fusion 

LOGO-
Reranker 

Ten 
lexical/rank/path 

features 
balanced logistic; C=1 

TFIDF-
5NN Issue text k=5 cosine neighbors; held-

out repository 
TFIDF-
Logistic Issue text balanced logistic; C=1; held-

out repository 
TFIDF-
Ridge Issue text log1p target; alpha=10; held-

out repository 

Effort + 
Platt 

Issue text + 
closed-world 

retrieval 
uncertainty 

nested group CV; logistic 
calibration 

 

Hunk retrieval built one index per repository over the 1,220 
pre-fix hunk documents and compared BM25, word TF-
IDF, character TF-IDF, and RRF. Four queries were 
evaluated: issue only; issue plus pre-solution issue 
comments; issue plus failing-test identifiers; and all three 
sources. Issue comments capture discussion that occurred 
before the solution pull request's first commit, while 
failing-test identifiers are evaluator-side evidence. Neither 
augmented query is interpreted as the official issue-only 
condition. Keeping these sources separate is consistent with 
multi-source operational diagnosis, where metrics, logs, 
traces, and dependency context contribute non-
interchangeable evidence [35]. It also avoids assuming that 
lexical evidence is always sufficient: in OpenStack failure-
injection logs, timing and contextual counters carried the 
decisive signal even when anomaly-exclusive templates 
were absent [36]. 

 
Patch-Plan And Effort Prediction 
Patch-plan models predicted three binary targets from issue 
text: multiple source files, multiple source hunks, and 
multiple test files. Training-prevalence, five-nearest-
neighbor TF-IDF, and balanced TF-IDF logistic models 
were evaluated with LOGO folds. Changed source lines 
were predicted by the training median, five-neighbor 
median, and ridge regression on log(1 + changed lines) with 
alpha = 10. These targets describe scope, not patch content. 

High-effort prediction used four issue-derived numeric 
features (token count, character count, code-fence count, 
and error-term count) and six closed-world retrieval-
uncertainty features (top character and RRF scores, top-two 
margins, maximum mention score, and log candidate 
count). Numeric-feature, text, and combined logistic 
models used an outer LOGO test fold. Within each outer 
training set, five group folds produced out-of-fold decision 
scores. A one-dimensional logistic calibrator fitted those 
scores and transformed the held-out repository score. This 
is Platt calibration in the same post-hoc spirit as modern 
confidence calibration [37]. Thresholds maximizing 
macro-F1 were chosen on outer-training out-of-fold 
probabilities only. Each held-out repository retained its 
own training-selected threshold, and pooled hard-label 
metrics applied those stored thresholds task by task. 
Selective triage then ranked tasks by calibrated high-effort 
probability, consistent with confidence-based rejection as a 
measurable risk-coverage policy [38]. This discrimination-
calibration-routing separation also appears in operational 
alert control [39], trajectory-level agent reliability 
prediction with reconstructed success labels [40], and 
deterministic cost-aware AIOps routing [41]. The present 
experiment uses the same decision logic but estimates 
human repair effort rather than execution success. 

The retrieval-uncertainty features summarize score 
concentration rather than program behavior. In particular, 
candidate count and rank margins depend on the reference-
derived closed-world inventory, so they should not be read 
as direct estimates of live repository size or execution risk. 
The text-only model provides a stricter comparison, and the 
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combined model tests whether uncertainty within the 
analytical retrieval setting adds useful ranking information. 
No added or removed source-code line content, test 
identifier, difficulty label, repository version, or solution 
date was supplied as an effort predictor. 
 
Evaluation and statistical analysis 
Path and hunk retrieval compute Hit@1, mean recall at 3, 
5, and 10, complete relevant-set recall at 5, MRR, mean 
average precision, and nDCG@10. Patch-plan classifiers 
report PR-AUC, balanced accuracy, macro-F1, and Brier 
score; changed-line regression reports mean absolute error 
(MAE), root mean squared logarithmic error (RMSLE), 
and Spearman correlation. High-effort prediction treats PR-
AUC as primary because positives form 9.0% of the corpus, 
supplemented by ROC-AUC, Brier score, and ten-bin 
equal-mass expected calibration error (ECE). 

Paired task bootstrap used 2,000 resamples for method 
differences; the primary-table MRR intervals used 5,000 
resamples. Wilcoxon signed-rank tests compared task-level 
reciprocal ranks, and Holm adjustment controlled the three 
planned comparisons. A cluster sensitivity analysis then 
averaged each task-level difference within repository, 
bootstrapped the 12 unweighted repository means, and 
repeated the Holm-adjusted Wilcoxon tests on those means. 
This second analysis asks whether a pooled conclusion 
survives when Django's 231 tasks no longer dominate the 
inferential unit. All computations used seed 20240813. 

 
C. RESULTS AND DISCUSSION 
RQ1: Task and repair structure 
The typical Verified task is local, but the tail is 
operationally important. Of 500 repairs, 429 modify one 
source file and 71 modify multiple files. The median patch 
contains one hunk, while 220 tasks contain multiple hunks. 
Source patches change a mean of 14.33 lines and a median 
of seven. Regression-test patches change a mean of 23.98 
lines and a median of 16. The 1,516 failing-test identifiers 
contrast with 60,142 passing-test identifiers, showing why 
a repair executor must protect both targeted behavior and 
broad regression coverage. 

Repository imbalance affects interpretation. Django 
supplies 46.2% of all tasks, while three repositories 
together supply 11 tasks. Macro patterns are therefore 
considered alongside pooled metrics. The benchmark's 
373-path inventory also contains 260 paths that appear in 
only one instance. A path-only model cannot learn a stable 
history for those files, but character decomposition can still 
connect issue identifiers to directory and basename 
fragments. 

 
RQ2: Closed-World Source-Path Localization 
Table 5 gives the issue-only results and Figure 4 shows 
recall as the context budget grows. The LOGO reranker 
was strongest overall: Hit@1 = 0.500, Recall@5 = 0.747, 
Complete@5 = 0.714, MRR = 0.625, and nDCG@10 = 
0.656. Word TF-IDF obtained the second-highest Hit@1 
(0.478), while RRF was second on MRR (0.590). Character 

TF-IDF achieved Recall@10 = 0.806, indicating that 
partial identifier overlap is especially useful when a wider 
context budget is available. All substantive methods greatly 
exceeded the 50-permutation random baseline, whose 
Hit@1 was 0.035 and MRR was 0.114. 
 

Table 5 Issue-Only Closed-World Source-Path Localization. 
MRR Confidence Limits Are 5,000-Resample Task-Bootstrap 

Intervals. 
Meth

od 
Hit
@1 

R
@5 

Complet
e@5 

M
RR 

CI 
low 

CI 
hig
h 

nDCG
@10 

Menti
on 

0.42
8 

0.6
56 0.622 0.5

51 
0.5
16 

0.5
87 0.581 

BM25 0.42
0 

0.6
46 0.614 0.5

40 
0.5
03 

0.5
75 0.573 

Word
-

TFID
F 

0.47
8 

0.6
71 0.636 0.5

86 
0.5
50 

0.6
23 0.610 

Char-
TFID

F 

0.42
8 

0.6
99 0.668 0.5

60 
0.5
25 

0.5
95 0.604 

RRF 0.46
6 

0.7
02 0.672 0.5

90 
0.5
55 

0.6
26 0.619 

LOG
O-

Reran
ker 

0.50
0 

0.7
47 0.714 0.6

25 
0.5
91 

0.6
59 0.656 

Rand
om-
50 

0.03
5 

0.1
33 0.118 0.1

14 
0.1
04 

0.1
24 0.122 

 

  
Figure 4 Recall@K For Issue-Only Closed-World Source-Path 

Localization. 

At the task level, the reranker's MRR advantage over 
character TF-IDF was 0.065 (95% CI 0.046-0.087), with 
Holm-adjusted p < 0.001. RRF improved MRR over 
character TF-IDF by 0.030 (95% CI 0.002-0.059; adjusted 
p = 0.034). The character TF-IDF versus BM25 difference 
was not significant after correction. Figure 5 reveals 
repository heterogeneity: the reranker reaches MRR 0.881 
on Astropy and 0.543 on Django, while the one-task Flask 
score is 1.000 by construction. Single-instance and single-
candidate repositories do not estimate generalization and 
are retained only because the experiment covers all 500 
tasks. 

With repositories equally weighted, the reranker retains a 
0.070 MRR gain (95% CI 0.035-0.113; adjusted p = 0.006). 
RRF's 0.023 gain crosses zero (-0.008 to 0.055; p = 0.551). 
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Thus only the supervised reranker improves localization 
under both task- and repository-level inference. 

Table 6 Planned Paired MRR Comparisons At Task And 
Repository-Cluster Levels. Confidence Intervals Use Paired 
Bootstrap; P-Values Are Holm-Adjusted Wilcoxon Tests. 

Compar
ison 

Tas
k 

delt
a 

Tas
k 

CI 
low 

Tas
k 

CI 
hig
h 

Tas
k p 

Re
po 

delt
a 

Re
po 
CI 

low 

Re
po 
CI 
hig
h 

Re
po 
p 

LOGO-
Rerank

er - 
Char-

TFIDF 

0.0
65 

0.0
46 

0.0
87 

<0.0
01 

0.0
70 

0.0
35 

0.1
13 

0.0
06 

RRF - 
Char-

TFIDF 

0.0
30 

0.0
02 

0.0
59 

0.03
4 

0.0
23 

-
0.0
08 

0.0
55 

0.5
51 

Char-
TFIDF 
- BM25 

0.0
20 

-
0.0
11 

0.0
53 

0.24
8 

0.0
10 

-
0.0
17 

0.0
35 

0.5
51 

 

  
Figure 5 Repository-Level MRR For Character TF-IDF, RRF, 

And The LOGO Reranker. 

Figure 6 plots the reranker effect by repository. The largest 
positive difference occurs on Seaborn, but it is based on two 
tasks. More informative gains appear on Xarray, Astropy, 
Matplotlib, Sphinx, and Django. SymPy changes little, and 
Requests, Flask, and pytest are essentially neutral. This 
pattern echoes Bench4BL's warning that localization 
results depend strongly on project composition [25]. 
  

 
Figure 6 Repository-level MRR difference between the LOGO 

reranker and character TF-IDF. 

RQ3: Diagnostic evidence and pre-fix hunk retrieval 

Issue-only RRF obtains 0.466 Hit@1, 0.702 Recall@5, and 
0.590 MRR. Comments raise these to 0.542, 0.775, and 
0.665; failing-test identifiers to 0.572, 0.795, and 0.685; 
and all evidence to 0.628, 0.844, and 0.739 (Table 7). Test 
identifiers are post-failure evidence, not official SWE-
bench inputs. 
 
Table 7 RRF Evidence Ablation For Closed-World Source-Path 

Localization. 
Evidenc

e 
Hit@

1 R@5 Complete@
5 

MR
R 

nDCG@1
0 

Issue 
only 0.466 0.70

2 0.672 0.59
0 0.619 

Issue + 
hints 0.542 0.77

5 0.738 0.66
5 0.692 

Issue + 
failing 
tests 

0.572 0.79
5 0.764 0.68

5 0.717 

All 
evidence 0.628 0.84

4 0.814 0.73
9 0.766 

 
For issue-only hunk retrieval, word TF-IDF reaches 0.590 
Hit@1, 0.683 Recall@5, and 0.684 MRR; character TF-
IDF is close, and RRF does not improve on word TF-IDF. 
With all evidence, word TF-IDF reaches 0.778 MRR and 
RRF 0.776 (Table 8). Because candidates are reference-
selected, these results measure ordering among known 
changed regions, not repository-wide line discovery. 
 

Table 8 Gold-Selected Pre-Fix Hunk Retrieval. Added Patch 
Lines Were Excluded From Candidate Text 

Eviden
ce 

Meth
od 

Hit
@1 

R@
5 

Complete
@5 

MR
R 

nDCG@
10 

Issue 
only 

Word
-

TFID
F 

0.59
0 

0.68
3 0.592 0.68

4 0.664 

Issue 
only 

Char-
TFID

F 

0.56
6 

0.68
7 0.592 0.67

4 0.666 

Issue 
only 

BM2
5 

0.51
0 

0.61
3 0.520 0.61

5 0.594 

Issue 
only RRF 0.53

8 
0.68

5 0.594 0.65
1 0.650 

Issue + 
hints RRF 0.63

6 
0.74

8 0.646 0.73
7 0.726 

Issue + 
failing 
tests 

RRF 0.60
6 

0.73
7 0.652 0.71

1 0.708 

All 
eviden

ce 

Word
-

TFID
F 

0.69
2 

0.77
7 0.674 0.77

8 0.763 

All 
eviden

ce 

Char-
TFID

F 

0.65
8 

0.77
4 0.670 0.76

3 0.751 

All 
eviden

ce 

BM2
5 

0.58
2 

0.68
5 0.584 0.68

3 0.663 

All 
eviden

ce 
RRF 0.67

2 
0.79

1 0.694 0.77
6 0.767 

 
The results support staged retrieval: rank paths, order old-
side hunks, then generate code. This matches localization-
repair-validation workflows [5], [6] while preserving 
provenance. Retrieval-grounded HDFS analysis likewise 
combines anomaly ranking, evidence bundles, and refusal 
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[42]. Host-telemetry work separates sequence detection, 
suspicious-window localization, and evidence-grounded 
narrative generation [43], while scientific claim 
verification separates full-corpus retrieval, candidate 
reranking, and verdict accuracy [44]. These analogues 
suggest how failing-test traces could become auditable 
repair context without conflating evidence ranking with 
correctness. 
 
RQ4: Patch-plan transfer and calibrated effort triage 
Patch-plan transfer was weak. TF-IDF logistic obtains 
0.157 PR-AUC for multi-file repair and 0.466 for multi-
hunk repair; test-multifile prediction stays near baseline 
(Table 9). Issue wording therefore weakly determines 
structural scope across unseen repositories. 
 

Table 9 LOGO Issue-Only Prediction Of Multi-File Source, 
Multi-Hunk Source, And Multi-File Regression-Test Scope. 

Target Model Prev
. 

PR-
AU
C 

Bal. 
acc. 

Macr
o-F1 

Brie
r 

multi_file Prevalen
ce 

0.14
2 

0.12
3 

0.50
0 0.462 0.12

2 

multi_file TFIDF-
5NN 

0.14
2 

0.14
5 

0.49
7 0.469 0.14

4 

multi_file TFIDF-
Logistic 

0.14
2 

0.15
7 

0.50
6 0.484 0.19

1 

multi_hunk Prevalen
ce 

0.44
0 

0.39
6 

0.50
0 0.359 0.25

2 

multi_hunk TFIDF-
5NN 

0.44
0 

0.44
0 

0.49
4 0.490 0.30

5 

multi_hunk TFIDF-
Logistic 

0.44
0 

0.46
6 

0.52
3 0.491 0.25

2 
test_multi_f

ile 
Prevalen

ce 
0.21

2 
0.17

8 
0.50

0 0.441 0.17
4 

test_multi_f
ile 

TFIDF-
5NN 

0.21
2 

0.20
0 

0.49
3 0.455 0.20

3 
test_multi_f

ile 
TFIDF-
Logistic 

0.21
2 

0.21
9 

0.48
8 0.447 0.20

0 
 
Changed-line regression is also limited: the training median 
yields 11.074 MAE and 0.979 RMSLE, while ridge yields 
11.127 and 0.963 with 0.093 Spearman correlation (Table 
10). These are budgeting signals, not precise patch plans. 
 

Table 10 LOGO Issue-Only Prediction Of Reference Source-
Patch Changed Lines. 

Model MAE lines RMSLE Spearman 
rho 

Training median 11.074 0.979 -0.051 
TFIDF-5NN 12.376 1.093 0.103 
TFIDF-Ridge 11.127 0.963 0.093 

 
The raw combined effort model obtains 0.142 PR-AUC, 
0.642 ROC-AUC, 0.151 Brier, and 0.237 ECE. Platt 
calibration preserves ranking (0.139 PR-AUC; 0.632 ROC-
AUC) while improving Brier to 0.082 and ECE to 0.028; 
balanced accuracy is 0.561 (Table 11). Calibration corrects 
probability scale without creating discrimination [37]. 
 

Table 11 Nested LOGO high-effort prediction and calibration. 
High effort denotes an annotator estimate of one hour or longer. 

Model PR-
AUC 

ROC-
AUC 

Bal. 
acc. 

Macro-
F1 Brier ECE-

10 
Numeric 
features 

(raw) 
0.132 0.629 0.587 0.530 0.211 0.330 

Numeric 
features + 

Platt 
0.124 0.598 0.587 0.530 0.082 0.027 

Text (raw) 0.122 0.577 0.551 0.516 0.151 0.260 
Text + 
Platt 0.112 0.558 0.551 0.516 0.082 0.036 

Combined 
(raw) 0.142 0.642 0.561 0.548 0.151 0.237 

Combined 
+ Platt 0.139 0.632 0.561 0.548 0.082 0.028 

Training 
prevalence 0.077 0.438 0.500 0.476 0.082 0.026 

 
Figure 7 and Table 12 show selective escalation. Reviewing 
the top 20% captures 28.9% of high-effort tasks; 40% 
captures 60.0%; and 50% captures 71.1%, reducing 
retained high-effort risk to 5.2%. The modest enrichment 
supports adding execution signals before high-stakes 
automation. 

  
Figure 7 Calibration And Selective Escalation For The 

Combined High-Effort Model. 

Table 12 Selective Escalation Based On Calibrated Combined 
High-Effort Probability. 

Escalated Coverage 
High-
effort 
recall 

Escalated 
precision 

Remaining 
risk 

0.000 1.000 0.000 0.000 0.090 
0.100 0.900 0.156 0.140 0.084 
0.200 0.800 0.289 0.130 0.080 
0.300 0.700 0.422 0.127 0.074 
0.400 0.600 0.600 0.135 0.060 
0.500 0.500 0.711 0.128 0.052 

 
Implications And Validity 
This is triage, not end-to-end repair. TravisTorrent links 
builds, commits, and metadata [45], and Repairnator shows 
the work needed to reproduce failures [46]. Learned repair 
systems rank edits from successful patches [47], consistent 
with code-reuse evidence [48]. Here retrieval can condition 
a generator, but functional evaluation still requires patch 
application and FAIL_TO_PASS plus PASS_TO_PASS 
execution. 

Passing tests do not guarantee correctness because repair 
can overfit a suite [49]. Defects4J illustrates the controlled 
faulty/fixed infrastructure needed for execution studies 
[50]. Candidate patches, application status, test outcomes, 
runtime, and traces are absent here. Interpretable 
CloudTrail analysis combines schema-aware event features 
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with HMM smoothing to produce auditable attack-stage 
labels [51], illustrating why future repair studies should 
retain ordered tool and test events rather than only final 
outcomes. 

Executable agents need controls beyond retrieval 
confidence. Refusal policies constrain unsafe actions [52], 
and incident cards expose evidence during review [53]. 
Scientific-search evidence cards similarly surface source 
text, confidence cues, and ranking rationales [54]. 
Continual guard updates address shifting attacks [55]; risk 
cards expose permissions and consequences [56]; and 
evidence-based self-verification adds a pre-action check 
[57]. These future layers are not evaluated here. 

Three constraints bound the findings: the path inventory 
excludes unchanged files; the hunk pool is gold-selected 
despite excluding added lines; and 12 imbalanced 
repositories span 2013-2023 solution dates. LOGO models, 
repository reporting, evidence ablations, and paired 
inference reduce but do not remove these threats. Because 
each repository acts as a domain, multi-source adaptation 
with approximately shared features offers a principled 
direction for separating transferable content from project-
specific environment features [58]. 

 
D. CONCLUSIONS 
All 500 Verified tasks were evaluated. The parser 
recovered 373 source paths and 1,220 hunks. The issue-
only LOGO reranker reaches 0.500 Hit@1, 0.747 
Recall@5, and 0.625 MRR, with a significant 0.065 gain 
over character TF-IDF under task- and repository-level 
inference. Post-failure test identifiers raise RRF MRR to 
0.685; all-evidence oracle-pool hunk MRR peaks at 0.778. 
Scope prediction remains weak. Calibration lowers 
combined-model ECE from 0.237 to 0.028, but PR-AUC 
remains 0.139. 

The practical design is staged: lexical path retrieval, post-
failure test evidence, calibrated escalation, and correctness 
claims only after repository-specific patch execution. This 
preserves the distinctions among localization, human 
effort, test adequacy, and functional repair. 
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