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Large language models have expanded automated program repair, yet defect 
repair remains sensitive to incomplete context, repository evolution, and 

weak validation. This paper proposes PromptRepair-SE, a context-aware 

repair architecture that separates defect localization, repository-context 

retrieval, candidate generation, test-based validation, and repair-memory 
feedback. The central hypothesis is that evolving software requires a repair 

system to reason beyond the faulty line and reuse evidence from 

semantically related historical defects. To study this mechanism without 

dependence on a proprietary model API, a reproducible surrogate benchmark 
of 500 Python defect instances was created across five bug families. A 

retrieval-and-ranking experiment compares local-code context, prompt plus 

file-level context, and PromptRepair-SE with defect-memory augmentation. 

The proposed strategy achieves the highest exact repair rate and exhibits a 
smaller decline in a late-evolution split. The study does not claim that the 

surrogate generator is itself a production-scale LLM; instead, it isolates the 

contextual orchestration that can wrap an open or commercial code model. 

The results motivate repository-aware prompting, executable validation, and 
evolving repair memory as first-class components of LLM-based automated 
program repair 
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1. INTRODUCTION 

Large language models (LLMs) are increasingly applied to software engineering tasks including testing, code 

generation, code review, vulnerability analysis, and automated program repair (APR) [1]–[10]. Recent systematic 

studies emphasize both the opportunity and the limitations of LLM-assisted software engineering: generated code 

can be useful, but reliability depends heavily on context, prompt design, validation, and the characteristics of the 

target repository [5], [8], [19]. 

Program repair is a particularly demanding task because syntactically plausible code is not necessarily 

behaviorally correct. Research on LLM-based APR, domain adaptation, multilingual neural repair, vulnerability 

repair, and formal-specification repair demonstrates rapid progress [3], [4], [6]–[8], [12], [13], [16], [22], [24]. 

However, many failures can still be traced to missing repository context, insufficient tests, or a model that proposes 

a patch consistent with local syntax but inconsistent with broader program behavior. 

Software also evolves. Functions, interfaces, naming conventions, and requirements change across commits, so 

the most useful evidence for repairing a defect may be distributed across current source files and historical fixes. 

Context-aware code review and search-and-fill generation illustrate the value of retrieving external software 

evidence [9]–[11]. A repair architecture should therefore treat prompt construction as a dynamic retrieval problem 

rather than a static template. 

PromptRepair-SE addresses this requirement with five stages: localization, context retrieval, candidate 

generation, executable validation, and repair-memory update. A language model is used conceptually as the 

candidate generator, while the proof-of-concept experiment abstracts this component into a deterministic candidate 

pool. This design is intentional: it enables the study to isolate whether additional context and defect memory 

improve repair selection without conflating the result with proprietary model changes or API nondeterminism. 

The research question is whether repository-context retrieval and evolving repair memory improve exact patch 

selection under controlled software evolution. A synthetic benchmark with five common defect families and 500 

instances is partitioned into initial, mid-evolution, and late-evolution snapshots. The study reports exact repair rate 

rather than only syntactic validity because exactness provides a strict indicator in the controlled setting. 

https://creativecommons.org/licenses/by-sa/4.0/
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2. METHOD 

2.1. Repair pipeline 

Given a defect report b and repository snapshot R_t, the pipeline retrieves code and textual context C_t, 

constructs a structured prompt, requests one or more repair candidates, executes validation tests, and records 

accepted repair evidence in a memory M_t. In a production implementation, the generator can be a code-specialized 

LLM; the orchestration is model-agnostic. 

C_t = Retrieve(b, R_t, M_{t-1}),     P* = argmax_{p∈Candidates} Score(p | b, C_t). 

2.2. Context and repair memory 

Context is represented by character n-gram TF-IDF features in the surrogate experiment because they are 
deterministic and transparent. Local context uses only the faulty expression; file context concatenates a concise 

natural-language contract with the faulty expression. PromptRepair-SE further incorporates a defect-memory prior 

derived from previously validated patches belonging to semantically similar bug families. 

2.3. Controlled defect benchmark 

Five defect families are generated: off-by-one iteration, incorrect operator, incorrect initialization for negative 

values, missing empty-input guard, and incorrect interval boundary order. Each instance contains a concise 

requirement, buggy code, and a canonical repair. The final benchmark contains 500 instances. The generator 

abstraction supplies a shared candidate pool that includes canonical fixes, buggy variants, and distractors. This does 

not simulate the linguistic capacity of a modern LLM; it evaluates the selection and contextualization layer around 

such a model. 

2.4. Metrics 

Exact repair rate is the proportion of instances for which the highest-ranked candidate equals the canonical fix. 

To represent evolving software, results are reported for an initial snapshot, a mid-evolution snapshot, and a late-

evolution snapshot with stronger contextual ambiguity. The experiment uses fixed seeds so the reported values are 

reproducible. 

3. RESULTS AND DISCUSSION 

Table 1 shows that increasing context improves exact repair selection and that the memory-augmented strategy 
achieves the highest overall and late-evolution rate. The experiment supports the idea that software repair should be 

framed as repository-conditioned generation rather than isolated line completion. 

The improvement is mechanistically interpretable. Local similarity is often insufficient because the same 

syntactic form can encode different requirements. Adding a concise contract narrows the candidate set. Repair 

memory provides an additional prior when a repository repeatedly exhibits related defect patterns. This behavior 

aligns with recent work on domain adaptation, context-aware review, and retrieval-assisted code generation [4], [9]–

[11]. 

Strategy Overall exact repair rate Late-evolution rate 

Local context 0.458 0.428 

Prompt + file context 0.634 0.620 

PromptRepair-SE 0.804 0.783 

Table 1. Controlled repair selection performance. 
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Figure 1. Exact repair rate across software-evolution snapshots. 

Figure 1 emphasizes robustness across the three evolution snapshots. The proposed architecture has the smallest 

degradation in the late split. In a real LLM implementation, this memory should not blindly copy historical patches; 

retrieved evidence should be version-aware, validated against current tests, and excluded when its dependency 

context is stale. 

Executable validation remains essential. LLM-based code generation and repair can produce plausible but 

insecure or semantically incorrect output [6], [8], [14], [23]. PromptRepair-SE therefore places tests after generation 

and before memory insertion. Only candidates satisfying the current validation suite are eligible to become future 

repair evidence. 

3.1. Threats to validity and limitations 

The candidate generator is a deterministic surrogate rather than a production-scale LLM. Consequently, the 

experiment measures the value of contextual ranking and memory, not the absolute code-generation capability of a 

named model. The bug families are synthetic and canonical fixes are known. Real repositories contain multi-file 

dependencies, incomplete tests, ambiguous specifications, and patches with multiple valid implementations. Before 

submission as an empirical LLM study, the framework should be executed with at least one reproducible open code 

model and one established APR dataset, with generation temperature, context length, cost, security checks, and 

independent-run variance fully reported. 

4. CONCLUSION 

PromptRepair-SE is a repository-aware orchestration framework for LLM-based automated program repair. It 

combines context retrieval, candidate generation, test-based validation, and evolving repair memory. A deterministic 

500-instance surrogate benchmark shows that richer context and defect-memory augmentation improve exact repair 

selection and reduce degradation under controlled software evolution. The experiment isolates the orchestration 

mechanism and does not substitute for evaluation with a production-scale LLM. Future work should integrate open 

code models, use established APR benchmarks, evaluate multi-file defects, measure test adequacy and security, and 

compare repository-level retrieval strategies across realistic commit histories. 
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