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Abstract: Repository-scale issue repair requires more than patch generation: it requires evidence retrieval, test-
grounded rejection, uncertainty calibration, and an explicit decision about whether a candidate deserves scarce
verification capacity. This paper proposes RAGE-Repair, a graph-evidence repair method evaluated with the
public SWE-bench Lite corpus. The case study loads 300 SWE-bench Lite instances from 12 repositories and
analyzes issue length, patch size, test-patch effort, and changed-file scope. The method constructs a repository
evidence lattice, estimates residual ambiguity, penalizes tail patch risk with CVaR, and admits a candidate only
when expected repair value exceeds its test and review price. The median problem statement contains 1044
characters, the median gold patch has 20 lines, and the top repository contributes 114 instances. Native
derivations establish the robust risk bound, primal-dual capacity controller, online regret guarantee, and graph-
specific patch gate. The resulting design makes each accepted or rejected repair traceable to evidence support,

uncertainty, and verification cost.

Keywords: software engineering; automated program repair; SWE-bench; risk calibration; repository-level

agents

1. Repository Repair Problem and Research Questions

Repository-scale repair is an evidence-integration problem before it is a code-generation problem. A useful
repair system must reconcile issue intent, failing tests, dependency structure, and candidate-patch consequences
while preserving a trace that a maintainer can audit [1—-9]. This paper begins from that repair chain and asks
where uncertainty should enter before a patch is allowed to consume build and review capacity.

The target problem is repository-scale repair systems must convert natural-language issues, tests, and
repository context into safe patch actions. This problem is representative of daily software-engineering work
because the decision surface is mixed: code structure, natural-language reports, tests, process history, and human
capacity all matter. A purely predictive model can assign a score, but a software team needs more than a score. It
needs calibrated uncertainty, an action threshold, a budget mechanism, and a record of why a decision was taken.

This paper proposes RAGE-Repair, whose central contribution is a CVaR-corrected retrieval-and-gating
method that treats patch generation as auditable software-engineering risk control. The method is deliberately
conservative. It does not claim to replace developers, reviewers, testers, or security engineers. Instead, it exposes
risk terms that can be monitored, tuned, capped, and discussed during engineering review.

The empirical basis is the public SWE-bench Lite dataset [10].
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A recurring challenge is nonstationarity. Releases, dependency upgrades, framework migrations, new
contributors, and production incidents can change the distribution of software events. The proposed method
therefore uses a rolling residual distribution and a tail-risk correction rather than a fixed threshold. The same
idea has appeared in risk optimization and robust decision-making, but here it is adapted to everyday software-
engineering decisions [11,12].

The paper also treats cross-domain validation as a useful methodological analogy. Mature decision systems
separate model construction, calibration, resource constraints, and independent empirical validation. The related-
work synthesis makes those connections explicitly instead of using a single undifferentiated citation block.

The case-study results are intentionally modest and diagnostic. The median problem statement contains
1044 characters, the median gold patch has 20 lines, and the top repository contributes 114 instances. These
statistics do not by themselves prove deployment value, but they show that the dataset contains enough
heterogeneity to stress an adaptive method. The figures and tables therefore focus on distributions, correlations,
tails, and concentration rather than only on a single average.

The remainder of the paper follows a task-specific research sequence. Section 2 positions retrieval-
augmented repair, Section 3 constructs the repair evidence graph, Sections 4 and 5 develop the inference and
robust patch gate, and Sections 6—8 move from SWE-bench evidence to failure topology and deployment limits.

Section 9 closes the argument.

2. Retrieval-Augmented Repair and the Evidence Gap

Classical software engineering emphasizes modularity, requirements clarity, verification, maintainability,
and economic trade-offs [1-9].

Mining software repositories established that commits, issues, tests, code metrics, and social process signals
can predict defect and maintenance outcomes [13—19].

Research on automated repair, debugging, fault localization, code review, and continuous integration
provides operational context [20-30].

Distributed systems and large-scale infrastructure add another dimension. Ordering, coordination, consistency,
and batch computation shape the way software systems are built and observed [31-35].

Independent model validation provides a direct analogy for repository-scale evaluation. Field bioretention
studies distinguish process-model development from validation against observed operating data [36-39].

Instrumentation research offers a second analogy: sensitivity is created by an engineered observation path,
not by a classifier alone. Plasmonic antenna and frequency-tunable sensing studies combine physical structure
with measurable resonance behavior [40—43].

Resource-aware learning is especially relevant to deployable software automation. Energy-efficient edge
reconstruction demonstrates that latency and computation belong inside the method definition, dynamic dropout
treats training effort as an adaptive quantity [44—46].

Finally, recent multimodal and multi-task systems show that evidence fusion should preserve modality-specific
uncertainty paper’s graph, hierarchical, interaction, or hazard representation without implying that domain-specific
results transfer unchanged [47-54].

The research gap is therefore not the absence of predictors. The gap is the absence of a compact, auditable,
risk-calibrated decision framework that turns heterogeneous repository evidence into budget-aware engineering
actions. The proposed method addresses this gap by combining residual calibration, CVaR tail risk, action

utility, and dual-price budget control.

3. Repair Evidence Graph and Observable State

The system is observed at discrete engineering decision points. A decision point may be an issue triage
event, a failing test, a pull-request update, a vulnerability disclosure, or a release-candidate gate. The index t
denotes the current decision point and T denotes the evaluation horizon.

The variable x, denotes the feature representation available before action. It may include source-code

measurements, textual descriptions, test results, dependency metadata, repository ownership, and process
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signals. The target y, denotes the observed outcome after the action, while ¥, is the model prediction available
before the outcome is known.

The policy m maps observable evidence into an engineering action. Actions may include scheduling a repair
attempt, ranking a suspicious file, publishing a review comment, escalating a vulnerability, or abstaining when
uncertainty is too high. The action has value, cost, risk, and human-interruption components.

The notation is chosen to keep the paper auditable. The loss L, measures decision error or operational harm. The
residual e, measures the difference between observed and predicted outcomes. The ambiguity radius p, summarizes

how unstable recent residuals are. The budget price v, summarizes scarce engineering capacity (see Table 1).

Table 1. Main notation used by the proposed software-engineering method.

Symbol Meaning Operational Interpretation
t, T decision index and horizon sequence of software-engineering events
X, feature vector code, text, test, and process evidence
A outcome and prediction observed and predicted engineering result
e, prediction residual calibration signal
P, ambiguity radius tail uncertainty of recent residuals
L, loss defect, review, repair, or vulnerability risk
a, action triage, repair, review, patch, or abstention decision
Vv, capacity price scarcity of engineering budget
CVaR, tail-risk measure expected loss beyond a high quantile

4. RAGE-Repair Inference Pipeline

The proposed method, RAGE-Repair, is built as a control layer rather than as a single classifier. It receives
repository evidence, estimates risk, corrects that risk for recent residual tails, and then decides whether the
action is worth the capacity it consumes.

The method has three design principles. First, every symbol is tied to an observable artifact. Second, the tail
correction is explicit and can be disabled or capped in deployment. Third, the budget price is logged so that
teams can see when automation is acting conservatively because human or compute capacity is scarce.

The algorithm table (see Table 2) is written as a deployment interface. Each line corresponds to an

engineering step that can be tested independently: parsing, scoring, calibration, budget control, action selection,

and audit logging.
Table 2. RAGE-Repair algorithmic procedure.

Line Operation Audit signal
1 Parse issue text, repository metadata, tests, and historical residuals. Feature map x,
2 Retrieve similar resolved issues and patch files. Evidence neighborhood
3 Compute CVaR-corrected repair priority score. Tail risk
4 Generate candidate patch plan and test plan. Action set
5 Apply budget-aware acceptance gate. Engineering-capacity price
6 Log residual, uncertainty radius, and final decision. Incident-review record

5. Robust Patch-Gating Derivation

The derivation proceeds from the decision objective to calibration, tail risk, budgeted action selection,
regret, and cost-normalized improvement. The equations are included as Word native equations with numbering

so that the method can be inspected and revised like a conventional software-engineering model.
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5.1. Repair Loss and Observable Repository Evidence

The derivation begins with the operational decision itself. Each random quantity is tied to an observable
artifact, and every penalty is tied to measurable human, compute, or release effort.

Let t index a repository-scale issue repair decision, let T be the number of decisions in the study horizon,
and let © denote the policy that maps evidence to an action. Before Equation (1), y, is defined as the observed
outcome, y, as its prediction, ell as prediction loss, C, as operational cost, and A, as action churn. The
nonnegative coefficients A, and A, convert these terms to a common risk scale. Linearity of expectation then

produces the cumulative policy objective.
T .
R(n’):Ez[l(y,,yt)+i(,ct+iaA,} ()
t=1

To expose what the policy observes, r, denotes repository state, d, denotes textual or dependency evidence,
and m, denotes process metadata. The feature operator ¢ maps these artifacts to x,, while f, is the model
parameterized by 0. Equation (2) defines the prediction §, and residual e; this residual is the measurable quantity

used in every later calibration step.

xt:¢(rt7dt’mt)’);t:fg(xt)’ et:yt_);t (2)

5.2. Retrieval Residuals and Repository-Shift Ambiguity

The next step replaces a stationary noise assumption with a rolling empirical law. A Wasserstein
neighborhood represents sampling error and local process drift, while duality converts the uncertainty set into a
finite audit-record objective.

Let N, be the number of recent residuals retained at decision t, and let §,; denote a unit point mass at residual
e, Equation (3) is the empirical residual law obtained by assigning equal probability 1/N, to each retained
observation. This construction converts a sequence of audit records into a probability object without assuming
Gaussian errors.

R 1 !
P=o > o 3)
"N, i:tZ\/‘,ﬂ '
The symbol W, denotes the order-one Wasserstein distance between probability laws, and p, is a nonnegative
ambiguity radius. Equation (4) defines P(p,) as every distribution lying within p, of the empirical law. The true

next-event law is therefore allowed to move locally instead of being equated to the historical sample.
Pp) = {pw,(B.E) <p,| @)
Let Ly(e) be the loss induced by residual e under model parameters 6. Equation (5) defines the
distributionally robust risk as the worst expected loss over the ambiguity set. The supremum is the formal point
at which distribution shift enters the method: a larger p, forces the controller to protect against a broader family

of plausible residual laws.
RM0) = sup B, [Ly(e)] 5)

]PE’P,(/J,)
To derive a computable objective, introduce A as the nonnegative multiplier assigned to the Wasserstein
constraint. Kantorovich duality transforms the distributional supremum into Equation (6): a one-dimensional
infimum over A plus N, independent pointwise suprema. This step explains why robust calibration can be

implemented without enumerating probability distributions.
ro . 1 Al
RiO) = inf Jaot iy Do [Lole) ~Ale=el] (6)

Assume L, is K-Lipschitz in the residual argument, meaning that its change is bounded by K, times the
residual displacement. For any A at least K,, the inner supremum in Equation (6) is attained at e,. Substitution

yields Equation (7), which separates empirical risk from the explicit robustness premium K, p,.
ro 1 N‘
R(0) < ﬁzLe(ei) +Kyp, (7
ti=1

Consequently, the robust penalty is linear in the ambiguity radius whenever the loss is Lipschitz. This is the
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key simplification that makes the uncertainty correction transparent and computationally tractable.

The constants C, and k in Equation (8) control sampling uncertainty and tail sensitivity, respectively; & is a
user-selected failure probability and a is the CVaR confidence level. The first radius term decreases as N, grows,
whereas the second expands when recent absolute residuals have a heavy upper tail. Thus the radius responds to

both sample scarcity and observed instability.
pt=Cx Vi (log(2/0)/IN_t)+ 1 CVaR_a(e) ®)

5.3. Tail Loss of Candidate Patches

Average error can conceal the rare cases that dominate practical cost. The Rockafellar-Uryasev
representation is therefore developed in population, sample, and differentiated forms so that the source of every
tail update is visible.

Let L be a nonnegative random loss and let { be a candidate upper-quantile threshold. The positive-part
operator (u)_+ equals max(u,0). Equation (9) defines conditional value at risk at level a by optimizing {; at the

optimum, ( is a value-at-risk threshold and the second term is the mean excess loss beyond that threshold.
1
E(L-¢ )+] (€))

l-a
For the retained losses L, through L {N}, replace the expectation in Equation (9) with its empirical

CVaR, (L) = m(in [C+

average. Equation (10) is the resulting finite-sample convex program. It can be solved by sorting the losses or by

joint gradient optimization, so the tail correction remains reproducible from the logged residual window.
s . 1
CVaR (L)=min |{(+ —— > (L,— 10
(L) = mi [: N,(l—a);( c)l (10)

Let {* denote the minimizer of Equation (10), and assume no loss lies exactly at that threshold.
Differentiating the positive-part terms gives Equation (11). Only tail observations with L, greater than (*
contribute to the CVaR gradient, and their gradients are amplified by 1/[N(1-a)]. This establishes the claimed

tail emphasis algebraically.
. 1 N
V,CVaR ,= —— > 13L.>(*{V,L, 11
WCVaR,= 1 SHL> VL, (1

This derivative also supplies an implementation test: examples below the optimized quantile must contribute
zero to the tail gradient, while examples above it must receive the same normalization factor.

The symbol s, denotes the operational priority score,  in [0, 1) is a smoothing factor, g,(x ) is the model
evidence score, and n scales the empirical CVaR correction. Equation (12) follows from exponential smoothing:

the previous score receives weight § and current robust evidence receives weight 1-f.

si=Ps, o+ (1-p)[ g(x,) +1CVaR (L) ] (12)

5.4. Test and Review Capacity Constraints

The target action competes for finite operational capacity. The constrained primal problem is converted to a
Lagrangian, its KKT conditions are stated, and an online dual update is obtained for unknown future workload.

Let a, be the action chosen at decision t, L(a,) its expected engineering loss, and B,(a,) the consumed review,
test, or remediation capacity. The constant B* is the allowed average capacity per decision. Equation (13) states
the finite-horizon constrained problem whose budget is T B*; this is the optimization problem that the later

threshold rule approximates online.
min iE[L,(at)} s.t. iBt(a,) <TB* (13)
ap..ndp =

Introduce the nonnegative dual price v for the total budget constraint. Equation (14) is the Lagrangian
obtained by adding v times budget excess to expected loss. A high value of v makes expensive actions less
attractive, which gives the multiplier a direct operational interpretation as the shadow price of scarce

engineering capacity.
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T

K(a,v):ZE[L,(a,)]+v(2B,(a,)—TB*) (14)

t=1
Write G(a) as total capacity minus T B*. Under convexity and a feasible interior point, primal feasibility,
dual feasibility, complementary slackness, and stationarity are necessary and sufficient. Equation (15) lists these
Karush-Kuhn-Tucker conditions. Complementary slackness shows that the capacity price can remain positive
only when the budget binds.
V20, G(a)=<0, vG(a*)=0, V,L(a"v")=0 (15)
For a binary intervention, let b, be the capacity required by the current action, 1, be a decision threshold, y be

its adaptation rate, and b,, , be observed average use. Comparing score benefit s, with priced cost v, b, yields the

hat,t

indicator in Equation (16); the second relation raises the threshold whenever realized use exceeds target b-star.
atZI{St—tht>‘L',}, Tt+]:‘[t+)/(bt_b*) (16)
Because future budget demand is unknown, the exact KKT multiplier cannot be solved once and held fixed.
Equation (17) uses projected stochastic dual ascent with step n,. The positive projection prevents a negative

capacity price; persistent budget excess increases v,, while unused capacity lets it fall.
Vt+l:|:vt+rlv(Bt(at) —B*)i|+ (17)

Together, Equations (15)-(17) form a primal-dual controller. The action responds immediately to priced

capacity, and the price itself adapts only from observed budget violation.

5.5. Evidence-Weighted Patch Learning and Safety

After the action rule is established, the scoring model is trained with auditable example weights. The gradient,
bounded score movement, tail certificate, and action utility connect statistical learning to operational stability.

Let B denote a training minibatch size, w, the importance assigned to example i, A the L2 regularization
coefficient, and ell the per-example predictive loss. Equation (18) defines the weighted empirical objective. The

regularizer stabilizes parameter estimation when repository groups are small or highly correlated.
1L 2
£(0) =5 >wi(fix)..) +A01; (18)
i=1

To construct the weights, g; is an audit-quality score computed from features x;, label y;, and record age;; 1,
is a strictly positive temperature. Equation (19) applies a softmax normalization. Small t, concentrates weight

on high-quality or severe examples, whereas large 7, approaches uniform weighting.

exp | g,/
w=ﬁ, 7,=q(x.y.age;) (19)

I iexp (qj/rq)
7=

Assuming ¢ is treated as fixed during a model update, differentiation of Equation (18) gives Equation (20).
Each example gradient is scaled by w,/B, and the derivative of A times the squared L2 norm is 2 A 6. This

explicit gradient shows precisely how evidence quality changes learning pressure.
1 B
Vol= % ;wi V1,420 (20)

The weighted gradient can therefore be unit-tested against an unweighted baseline by setting every q; equal.
Under that condition, Equation (19) gives w,=1/B and Equation (20) reduces to ordinary regularized empirical-
risk minimization.

Let Delta, be the permitted score change, b, a minimum change bound, ® a variance multiplier, and Var(e)
the rolling residual variance. Equation (21) clips the raw score difference to plus or minus b. The update is

therefore more flexible when residual variability is demonstrably high but remains stable during quiet periods.

A=clip(s,~s, ,,~b.b,), b=by+w./ Var(e) 1)
For a positive operational threshold t, apply Markov’s inequality to the excess loss (L,—t)_+ and use the

CVaR definition at level a. Equation (22) gives the resulting conservative exceedance certificate. The bound is

intentionally cautious and is used as an audit signal rather than as an exact failure probability.
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CVaR,((L,-7) )
(1-a)z

Let V(a,) denote engineering value, R(a,) regression or security risk, O(a,) operational overhead, and H(a,)

Pr(L,>7)< (22)

human-interruption cost. The nonnegative coefficients A, A, and A, express organizational priorities. Equation
(23) combines these quantities into an auditable action utility.
Ula)=V(a)-2R(a)-2,0(a)=AH(a,) (23)

5.6. Online Repair Adaptation and Regret

The observed process is nonstationary, so the action sequence is analyzed against a moving oracle. Mirror
descent supplies a stable update, while the dynamic-regret bound separates initialization, gradient energy, and
temporal variation.

Let g, be a subgradient of the current action loss, m, the primal step size, y a strongly convex reference
function, and D, the associated Bregman divergence. Equation (24) is the mirror-descent action update. It

balances movement in the loss direction against stability relative to the previous action.
a,. =arg min {n(g.& +D,(aa,)| (24)
Let a* be the best action available to a time-varying oracle at decision t. Equation (25) defines dynamic

regret R, as the cumulative loss difference between the deployed sequence and that moving comparator. A

moving oracle is appropriate because repositories, teams, and release constraints change over time.

R;= Zl“ct(at) - ;ﬁt(a:) (25)

Assume bounded dual gradients and a compact action set. Standard mirror-descent analysis applies the three-
point Bregman identity, sums the resulting one-step inequalities, and telescopes adjacent divergence terms.
Equation (26) is the bound: initial mismatch, accumulated gradient energy, and environment variation are the
three sources of regret.

Blr,)< 2T 1S,
Mr =1
If the environment is stationary, the variation sum vanishes and the familiar sublinear online-learning

+ 30, (26)

behavior is recovered for a decreasing step sequence. Under drift, the additional term states the unavoidable cost
of tracking a moving software process.
The variation quantity Omega, in Equation (27) is the largest change in action loss between adjacent decisions.
A stable project yields small Omega,, whereas refactoring or a vulnerability wave increases it. Summing Omega, in
Equation (26) makes the nonstationarity penalty explicit rather than hiding it in empirical error.
Q,= sup |L,,\(a)-L(a)] 27

5.7. Calibration and Cost per Accepted Repair

This block asks whether confidence is aligned with outcomes and whether risk reduction justifies the
consumed capacity. Both quantities are reported alongside ordinary predictive metrics.

For calibration, partition predictions into K confidence bins B,; N is the total number of evaluated records,
acc(B,) is empirical success frequency, and conf(B,) is mean predicted confidence. Equation (28) defines

weighted expected calibration error. The group weights |B,|/N prevent tiny bins from dominating the measure.
K 1B
CalErr= zl\ﬂ‘acc(Bk)—conf(Bk) (28)
k=1

Finally, Risk
while Cost

and Risk, ..., denote comparable downstream risk under a baseline and the proposed policy,

base

vae and Cost ., . denote corresponding engineering expenditure. The small positive & prevents

division by zero. Equation (29) defines cost-normalized gain and blocks claims of improvement that rely on

impractical capacity increases.
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Risk
Cost

base

— RiSkmellwd (29)

Gain=
method COStbaxe +e
Equations (28) and (29) complete the common evaluation logic: one measures whether the model knows its

uncertainty, and the other measures whether acting on that uncertainty creates practical value.

5.8. Graph Retrieval and Patch-Gating Equations

The common control layer is now specialized to the paper’s domain. The final equations connect task-
specific evidence to the auditable decision rule used in the public-data case study.

For repository-scale retrieval, z; and z; are issue embeddings, N; and N; are graph neighborhoods of touched
entities, and d;; is file-path distance. The nonnegative weights o, ©,, and @, sum to one. Equation (30) combines
semantic, graph-overlap, and file-proximity evidence into a reproducible retrieval score r;;.

[
to,,
Mo

Let h, encode the current issue and repository context, h, encode candidate patch a, W be a learned bilinear

1= Cos (zl.,zj) + o exp ( —di,.) (30)

map, and A, be the candidate patch set. Equation (31) normalizes bilinear compatibility into a patch posterior.
The denominator exposes competition among candidates instead of assigning independent uncalibrated scores.
exp (h,Wh,)

2 exp (h Wh,)

a'e A,

P (a | xt) = 3D

For candidate patch a, c, prices a failing validation suite, ¢, prices patch size, ¢, prices architectural
coupling, and ¢, rewards posterior support. Equation (32) is the repair-specific loss. Every term corresponds to a
measurable artifact: tests, changed lines, dependency coupling, or candidate probability.

Ly = cfl{testfail} +c, size ( at) +c, coupling(a,) —c,logp (a,| xt) (32)

Let K, be the Lipschitz sensitivity of candidate loss, p, the ambiguity radius derived earlier, v, the current
capacity price, and B(a) the candidate’s build-review cost. Equation (33) selects the patch with minimum
empirical loss, robustness premium, and priced capacity. This is the final RAGE-Repair gate.

a; =arg min [Lir + K, p,+v,Ba) ] (33)

The domain-specific rule closes the derivation by substituting measurable task evidence into the robust,
budget-aware controller. Every score component, uncertainty premium, and capacity penalty can be logged
independently during deployment.

6. SWE-bench Experimental Design

The public dataset used in this paper is SWE-bench Lite (see Table 3). The source is Hugging Face dataset
server, SWE-bench/SWE-bench_Lite test split. The dataset page ishttps:// www. swebench. com/SWE-bench/
guides/datasets/. This public source is used because the paper studies real software-engineering artifacts rather
than artificial toy examples.

The case study loads 300 SWE-bench Lite instances from 12 repositories and analyzes issue length, patch
size, test-patch effort, and changed-file scope.

The analysis uses lightweight metadata and sample-level artifact statistics so that the case study can be
reproduced without requiring a full production build farm. This is appropriate for an initial theoretical paper
because the purpose is to evaluate signal structure, heterogeneity, and calibration needs before a large-scale

deployment experiment.
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Table 3. Public dataset summary for the SWE-bench Lite case study.

Metric Value Interpretation
Dataset SWE-bench/SWE-bench_Lite Repository-scale issue repair evidence
Loaded instances 300 Repository-scale issue repair evidence
Distinct repositories 12 Repository-scale issue repair evidence
Median issue length 1044 characters Repository-scale issue repair evidence
Median patch size 20 lines Repository-scale issue repair evidence

7. Repair Outcomes and Failure Topology

The median problem statement contains 1044 characters, the median gold patch has 20 lines, and the top
repository contributes 114 instances.

The empirical argument is organized around repair topology. Repository concentration, issue scale, patch
scope, and changed-file coupling are examined before any policy result is interpreted.

The candidate-flow and density-envelope figures then expose where repair hypotheses disappear and where
sparse large-patch cases create disproportionate test risk.

Finally, the Pareto frontier translates those statistical patterns into a maintainer-facing choice between
additional verification cost and repair-risk coverage.

Figure 1 establishes the dataset landscape before any modeling assumption is imposed. Concentration and
group imbalance are important because a global average can be dominated by a small number of repositories,

projects, languages, or vulnerability classes.

Repository distribution in SWE-bench Lite sample

django/django
sympy/sympy
matplotlib/matplotlib
scikit-learn/scikit-learn
pytest-dev/pytest

sphinx-doc/sphinx

repo

psf/requests
pylint-dev/pylint
astropy/astropy
pydata/xarray
mwaskom/seaborn

pallets/flask

0 20 40 60 80 100
Instances

Figure 1. Repository distribution in the SWE-bench Lite case study.

Figure 2 examines scale and dispersion. Its distributional view is used to identify skew, long tails, and the
range over which a fixed engineering threshold would be unreliable.

Figure 3 studies dependence between the primary evidence variables. The purpose is not to claim causality, but
to determine whether the method must handle nonlinear spread, heteroscedasticity, or sparse high-risk regions.

Figure 4 compares action-size or project-structure signals. These diagnostics indicate how much operational
burden is hidden behind a nominally identical decision count.

Figure 5 separates the sample into operationally meaningful groups. Differences across these groups

motivate the group-calibration safeguards used by the proposed controller.
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Figure 2. Issue statement length distribution.
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Figure 3. Issue length and patch-size relationship.
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Figure 4. Distribution of patch, test-patch, and file-change sizes.
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Difficulty labels in the sample
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Figure 5. Difficulty distribution where available.

Figure 6 emphasizes rank and response behavior rather than only frequency. A steep curve indicates that a

small portion of the evidence space may account for a disproportionate share of engineering effort.

Patch size by issue-complexity quintile

29 1

28 1

274

26 1

Mean patch lines

25 1

24 A

1.0 1.5 2.0 2.5 3.0 35 4.0 4.5 5.0
Issue-length quintile

Figure 6. Mean patch size by issue-complexity quintile.

Figure 7 summarizes multivariate association. The annotated matrix is used as a collinearity and feature-
audit device before the risk score is interpreted.

Figure 8 changes the unit of analysis from a flat feature vector to a repair evidence graph. Issue statements, failing
tests, repository nodes, and competing patch hypotheses remain visibly distinct until the final test-and-risk gate.

Figure 9 follows candidate attrition rather than aggregate accuracy. The changing flow width makes weak
retrieval, syntax failure, regression failure, and capacity rejection explicit stages of the repair process.

Figure 10 combines a density field, a robust conditional envelope, and patch-size violins. This view
distinguishes common repair regimes from sparse large-patch cases that dominate tail risk.

Figure 11 treats repair configuration as a Pareto decision. The recommended operating point is selected

where additional review and test cost produces sharply diminishing risk coverage (see Table 4).
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Figure 7. Correlation among issue and patch metadata.
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Figure 8. Graph-evidence repair lattice linking issue observations, repository context, patch hypotheses, and

the final verification gate.
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Figure 9. Candidate-patch attrition from generation to acceptance, with rejection causes attached to each

verification transition.
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Figure 10. Multiscale repair operating envelope combining density estimation, tail residuals, and conditional
patch-size dispersion.

Table 4. Case-study interpretation of metadata signals.

Signal Observed role Why it matters
Issue length Proxy for specification detail Longer issue text can either clarify intent or encode more constraints.
Patch lines Proxy for repair scope Large patches create higher review and regression risk.
Test-patch lines Validation-effort proxy More tests can improve confidence in generated patches.
Files changed Architectural coupling proxy Multi-file patches require stronger context retrieval.
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Figure 11. Uncertainty-aware Pareto frontier used to choose a repair budget at the point of diminishing risk coverage.

8. Deployment Boundary and Repository Threats

A production deployment should begin in advisory mode. The method should compute scores and

recommended actions, but developers should retain final authority until calibration has been evaluated across
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several release cycles. Advisory deployment also produces the residual history needed by the risk-radius update.

The method should expose dashboards for the residual distribution, ambiguity radius, selected threshold,
capacity price, action acceptance rate, and post-action outcomes. These signals turn the model from a black-box
assistant into an engineering control surface.

The study uses task metadata and gold patches for analysis, not full Docker execution of every repair
candidate; production evaluation would require isolated builds and regression suites.

External validity remains a concern. Public datasets represent open-source development and may not capture
private-code ownership, compliance constraints, monorepo build systems, or confidential incident-response
policies. The theoretical contribution is therefore the decision structure, not the claim that one fixed parameter
set transfers to every organization.

Future work should run live controlled experiments, compare with human-only baselines, add repository-
specific fairness constraints, and measure long-term developer trust. A useful software-engineering method
should improve outcomes without creating hidden queues, unreviewed automation debt, or brittle process

dependencies (see Table 5).

Table 5. Deployment checklist for the proposed software-engineering method.

Dliipliloe);::if)l:lt Question to Ask Expected Evidence
Calibration Do predicted risks match observed outcomes? Reliability diagram and residual tail
Budget Does the method overload reviewers or CI? Capacity-price trend
Abstention Does the method know when not to act? Low-confidence action rate
Auditability Can an engineer reconstruct the decision? Logged score decomposition
Fairness Does the method over-prioritize one project? Group-level action distribution

9. Conclusions

This paper presented RAGE-Repair, a software-engineering method for repository-scale repair systems must
convert natural-language issues, tests, and repository context into safe patch actions. The framework combines
repository evidence, residual calibration, CVaR tail risk, action utility, and dual-price budget control. The public
SWE-bench Lite case study shows that real software artifacts are heterogeneous enough to justify calibrated
decision-making. The broader message is that software-engineering automation should be evaluated not only by
prediction quality, but also by interpretability, capacity awareness, and operational accountability. Appendix A
summarizes failure modes and evidence provenance; Appendix B gives the reproduction recipe; Appendix C

lists patch-gating stress scenarios; and Appendix D provides the CI integration and rollback checklist.
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Appendix A. Repair Failure Modes and Evidence Provenance

The first engineering note concerns feature provenance. Every feature used by the model should be traceable
to a repository artifact, issue field, test result, dependency record, or review event. Features that cannot be
reconstructed during audit should not drive high-impact actions.

The second note concerns action reversibility. Some actions, such as adding a review comment, are socially
visible; others, such as changing a priority score, are internal. The deployment threshold should be stricter for
actions that interrupt developers or change release timing.

The third note concerns stale data. Repository histories age quickly when frameworks, owners, and test
suites change. A rolling residual window is therefore safer than a global historical residual model, but the
window length must be tuned to avoid reacting to noise.

The fourth note concerns model ownership. The team that deploys the method should own calibration
dashboards, rollback criteria, and exception policies. Without clear ownership, an automated software-
engineering method becomes process debt.

The fifth note concerns evaluation. Offline public datasets are useful for method development, but
deployment should measure downstream outcomes: escaped defects, review latency, patch acceptance,
vulnerability exposure time, developer satisfaction, and rollback frequency.

The sixth note concerns documentation. The score decomposition, formula definitions, thresholds, and data

retention rules should be documented with the same seriousness as production service-level objectives.

Appendix B. Reproduction Recipe for Repository Repair

The replication protocol for RAGE-Repair begins by freezing the public dataset snapshot and recording the dataset
URL, split, sampling rule, and timestamp. This matters because software-engineering datasets are living artifacts:
repositories evolve, issue trackers change, package ecosystems move, and vulnerability records can be amended after

publication. The protocol is summarized in Table A1, and the initial parameter ranges are listed in Table A2.

Table A1. Replication protocol for the proposed method.

Phase Replication Activity Evidence to Retain
Dataset freeze Record URL, split, timestamp, and sample rule Manifest and checksum
Schema audit Check identifiers, missing fields, duplicates, and leakage Validation report
Feature build Extract code, text, process, and outcome features Feature provenance table

Calibration Estimate residual tails and group reliability Calibration plots
Budget replay Simulate action budgets and abstention thresholds Risk-frontier curve
Failure review Label false positives and false negatives Error taxonomy

The second replication step is schema validation. Every loaded record should be checked for missing
identifiers, malformed dates, empty text fields, degenerate code snippets, and duplicate examples. A paper that
reports only model performance without schema checks can conceal data leakage or inflated performance
caused by repeated artifacts.

The third step is feature extraction with provenance. Each feature should be assigned to one of four families:
code structure, natural-language evidence, process metadata, or outcome metadata. This grouping makes
ablation meaningful. If a method performs well only because it sees a post-action outcome field, then it is not a

deployable pre-action model.
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Table A2. Practical parameterization guidelines.

Parameter Recommended Initial Setting Operational Meaning
Residual window N 50-200 recent events How quickly the method adapts
CVaR level a 0.90-0.95 How much tail risk is emphasized
Radius multiplier k 0.5-2.0 Conservatism under distribution shift
Budget target B* Team-specific Available review, test, or security capacity
Abstention band Top uncertainty decile When the model should ask for human judgment

The fourth step is temporal separation. When timestamps are available, the training period should precede
the evaluation period. Random splits are useful for smoke tests, but they can overstate performance when the
same repository, contributor, library version, or vulnerability pattern appears in both training and testing records.

The fifth step is group calibration. The same threshold should not be trusted blindly across repositories,
languages, severity groups, or file types. A mature software-engineering system reports calibration by group and
uses shrinkage when a group has too few examples for a reliable estimate.

The sixth step is tail analysis. The method should report not only average loss but also high quantiles, CVaR,
and the identity of the highest-risk examples. Developers experience software automation through the hard
cases: the oversized patch, the misleading issue, the subtle review comment, or the urgent security fix.

The seventh step is abstention evaluation. A responsible system should sometimes decline to act. The
abstention rate should be plotted against risk captured and human effort saved. This is especially important for
software engineering because an incorrect confident recommendation can consume more time than no
recommendation.

The eighth step is budget simulation. Engineering teams operate with finite review slots, CI minutes, release
windows, and security-response capacity. The budget-risk frontier in Figure 9 should therefore be interpreted as
a planning device: it tells the team how much risk is captured when it can act on only a fraction of events.

The ninth step is explanation audit. For a random sample of accepted and rejected actions, the system should
print the evidence vector, residual score, CVaR correction, capacity price, and utility decomposition. This audit
is the practical difference between an opaque predictor and a software-engineering decision aid.

The tenth step is robustness testing. Parameter sweeps should vary the residual-window size, CVaR level,
ambiguity-radius multiplier, and budget target. A useful method should degrade smoothly as these parameters
change; a method that works only at one fragile setting is unlikely to survive a production workflow.

The eleventh step is baseline selection. The minimum baseline is a static threshold. Stronger baselines
include frequency ranking, severity ranking, repository-specific logistic models, gradient-boosted trees, retrieval-
only systems, and human-defined triage rules. The proposed method should be compared against both simple
and strong baselines.

The twelfth step is cost accounting. Software-engineering automation often shifts cost rather than
eliminating it. A repair recommender can increase test cost, a review assistant can increase discussion cost, and a
vulnerability prioritizer can increase release-management cost. The paper therefore reports cost-normalized gain
rather than only risk reduction.

The thirteenth step is failure-mode labeling. False positives and false negatives should be grouped by cause:
missing context, ambiguous natural language, stale dependency data, insufficient tests, unseen repository
conventions, or mislabeled public records. These labels guide engineering improvements more effectively than a
single error rate.

The fourteenth step is deployment rehearsal. Before production use, teams should replay several historical
release cycles and compare recommended actions against actual decisions. Disagreements should be reviewed
by engineers, because some disagreements reveal model error while others reveal missed opportunities in the
original process.

The fifteenth step is governance. The system should record who can change thresholds, who can override
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recommendations, how long features are retained, and how audit logs are protected. Software-engineering data can
contain security-sensitive or proprietary information, so governance is part of the method rather than an afterthought.

The final step is continuous monitoring. Once deployed, the residual distribution should be monitored in the
same way that production services monitor latency and error rates. A sudden increase in residual CVaR means

the model no longer understands the current engineering environment and should become more conservative.

Appendix C. Patch-Gating Stress Scenarios

A reviewer of RAGE-Repair should first ask whether the target action is defined before the model is trained.
Many software-engineering papers blur prediction and decision: they report a score but do not define what a
developer, reviewer, tester, or security engineer should do with the score. This paper defines the action set
explicitly so that evaluation can be tied to operational consequences. The reviewer checklist is summarized in

Table A3, and deployment scenarios with success metrics are listed in Table A4.

Table A3. Reviewer-style checklist for evaluating the method.

Reviewer concern Diagnostic Evidence Expected Revision If Weak
Leakage Pre-action feature audit Remove post-action fields
Baselines Static and repository-specific rules Add stronger comparisons
Budget realism Action-rate and risk-frontier plots Lower action budget
False positives Error taxonomy Tune abstention and threshold
Drift Residual CVaR trend Shorten calibration window
Interpretability Score decomposition examples Add explanation logging

Table A4. Deployment scenarios and success metrics.

Deployment Scenario Recommended Mode Success Metric
Small open-source project Advisory ranking Maintainer time saved
Enterprise monorepo Group-calibrated gate Risk captured under review budget
Release freeze Conservative threshold Escaped-risk reduction
Security response Dual-price escalation Exposure time reduction
Cl-constrained team Budget-aware scheduling Useful failures per CI minute

The second reviewer question concerns leakage. Software-engineering datasets often include fields created
after the event being predicted. A repair dataset may include gold patches, a review dataset may include after-
code, and a vulnerability dataset may include fix metadata. These fields are legitimate for retrospective analysis
but must be excluded from pre-action prediction unless the task is explicitly post-hoc explanation.

The third question concerns baselines. A simple threshold can be surprisingly strong when the dataset has
one dominant signal, such as severity, patch size, or frequency. The method should therefore report whether the
risk-calibrated component improves over such simple rules after accounting for engineering cost.

The fourth question concerns operational budget. A method that finds more risky events by flagging nearly
everything is not useful. The reviewer should examine Figure 9 and ask whether the method captures a
meaningful share of risk when the action budget is small enough for a real team.

The fifth question concerns false positives. In software engineering, false positives are not harmless. They
interrupt developers, consume CI minutes, create review fatigue, and can teach teams to ignore automated advice.
A professional evaluation should therefore report false-positive categories and not only aggregate precision.

The sixth question concerns false negatives. Missed defects, missed review opportunities, missed repair
candidates, or delayed vulnerability fixes have different severity profiles. The proposed CVaR term is included

precisely because the worst missed events matter more than the average missed event.
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The seventh question concerns interpretability. The method logs a decomposition rather than a single
confidence number, and this decomposition can be connected to attribution ideas used in cooperative-value
analysis [55]. This makes it possible to distinguish a high score caused by strong evidence from a high score
caused by uncertainty. The two cases should trigger different human responses.

The eighth question concerns team adoption. Developers are more likely to trust a method when it improves
an existing workflow instead of replacing it. For this reason, the deployment scenario in this paper places the
method beside issue triage, code review, test prioritization, or security remediation rather than inside an opaque
autonomous loop.

The ninth question concerns rollback. A deployment should specify what happens when residual CVaR rises
quickly, calibration error crosses a threshold, or the action budget is exceeded for several consecutive windows.
In such cases the system should become more conservative or return to advisory mode.

The tenth question concerns fairness across repositories and teams. If a method always prioritizes the largest
repository, small but critical services can be ignored. Group-level calibration and quota-aware budget prices are
therefore needed when the method is deployed across an organization.

The eleventh question concerns maintainability of the method itself. Software-engineering automation
becomes part of the engineering system. Its data pipelines, feature extractors, dashboards, and audit logs require
owners, tests, and versioning just like production code.

The twelfth question concerns human learning. A good tool should improve decisions and also teach
engineers why a risk exists. The explanation tuple can be used to create review comments, triage notes, or
security tickets that point to concrete evidence instead of only reporting an abstract model score.

The thirteenth question concerns privacy and security. Repository artifacts may include sensitive code, issue
text, customer data, exploit details, or internal service names. A deployment should minimize retained data and
separate model features from raw confidential artifacts whenever possible.

The fourteenth question concerns reproducibility. The public case study is designed to be reproducible with
lightweight metadata, but a production replication should include full artifact hashes, dependency versions,
feature-extraction code, and exact train-test split rules.

The fifteenth question concerns statistical uncertainty. Confidence intervals should be reported for action
rates, risk capture, and cost-normalized gain. Bootstrap intervals over repository groups are more realistic than
independent row-level intervals when examples from the same project are correlated.

The sixteenth question concerns intervention effects. Once a method changes priorities, the future data
distribution changes. A live experiment should therefore measure not only immediate accuracy but also whether
developers change behavior, tests improve, review comments become more focused, or vulnerabilities are
patched earlier.

The seventeenth question concerns long-term drift. The residual distribution should be monitored by release,
by repository, by language, and by action type. Drift is expected in real software engineering; the important
question is whether the method detects it before decisions become harmful.

The eighteenth question concerns documentation quality. Each equation in the method should correspond to
a documented implementation artifact: a metric, a threshold, a feature, a log field, or a dashboard. This keeps the
theory connected to an engineering process.

The nineteenth question concerns failure response. When the method performs poorly, the team should
know whether to tune thresholds, collect more labels, improve retrieval, add tests, split calibration groups, or
disable a class of actions. The failure taxonomy makes this response systematic.

The final reviewer question concerns contribution scope. The method should be judged as a decision
framework for software-engineering automation, not as a claim that one model dominates every repository or

task. Its value is strongest when risk, uncertainty, and engineering capacity must be managed together.

Appendix D. CI Integration and Rollback Checklist

The first implementation checkpoint is deterministic preprocessing. The same repository event should

produce the same feature vector when replayed with the same parser version, tokenizer version, and
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configuration. Deterministic preprocessing is necessary for incident reconstruction. Table A5 summarizes the

implementation checkpoints, concrete tests, and failure responses.

Table A5. Implementation checklist for software-engineering deployment.

Imcpll:::lig::::n Concrete Test Failure Response
Preprocessing Replay event and compare feature hash Pin parser and tokenizer versions
Schema evolution Validate required fields Reject malformed records
Shadow mode Compare recommendation with human action Review disagreement sample
Routing Check owner and workflow integration Fix connector mapping
Override Record accept, reject, defer, annotate Audit feedback labels
Rollback Disable action gate safely Return to deterministic policy

The second checkpoint is schema evolution. Public and internal software-engineering datasets change over
time. The implementation should version schemas and reject records that silently drop important fields such as
repository id, issue id, file path, severity, or timestamp.

The third checkpoint is model-card discipline. Each deployed model should document the target action,
training data period, excluded fields, known failure modes, calibration groups, and budget assumptions. This
document should be reviewed whenever thresholds or feature families change.

The fourth checkpoint is shadow-mode monitoring. Before the method affects real workflows, it should run
silently and compare its recommendations with actual human decisions. Disagreements should be sampled and
reviewed to distinguish useful novelty from obvious model error.

The fifth checkpoint is integration testing. The output of the method should be tested against issue trackers,
code-review systems, CI schedulers, and security-ticket systems. A correct score is not useful if it is routed to
the wrong owner or creates duplicate tickets.

The sixth checkpoint is human override. Engineers should be able to accept, reject, defer, or annotate a
recommendation. These overrides should feed evaluation, but they should not be treated as ground truth without
considering reviewer workload and release pressure.

The seventh checkpoint is rollback. A deployment should include a single switch that returns the workflow
to the previous deterministic policy. Rollback criteria should include calibration failure, excessive action
volume, user complaints, or security-team escalation.

The final checkpoint is continuous improvement. The method should be retrained or recalibrated only after
the team has reviewed drift, failure cases, and budget impact. Blind frequent retraining can hide process

instability rather than solving it.
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