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Abstract
Accessing pertinent code fragments from large repositories remains a persistent difficulty in modern development
environments, where teams navigate through diverse documentation artifacts, implementation files, revision
histories, and project management systems without sufficient support for contextual understanding. This research
addresses an information retrieval task wherein problem descriptions paired with partial code implementations
require evaluation of candidate solutions, with each candidate receiving a relevance score relative to the problem
statement. Our methodology employs temperature-controlled prompting with GPT-3.5 Turbo to compute such
assessment metrics and evaluates the influence of parameter variations on result consistency. Across multiple
experimental configurations, the second variant demonstrates superior effectiveness, achieving a local nDCG
value of 0.6615 coupled with a global nDCG metric of 0.9109, thereby validating that precisely engineered prompt
specifications can facilitate accurate differentiation among solution candidates across extensive test collections.
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1. Introduction

Contemporary software development involves navigating exponentially growing collections of arti-
facts—implementations, specifications, release notes, bug tracking systems—creating unprecedented
information access challenges [1]. Practitioners regularly struggle with codebases of considerable
magnitude, shifting architectural documentation, and comprehensive issue metadata (such as feature
requests and community communications), which collectively obstruct timely discovery of depend-
able problem-solving approaches [2]. Strengthening how teams extract, organize, and leverage this
knowledge base is vital for maintaining engineering velocity and fostering technological progress [3].

Conventional retrieval mechanisms struggle to grasp implicit problem requirements or code-specific
constraints, frequently identifying matches through superficial textual correspondence rather than
actual utility [4]. This deficiency creates opportunity for methodologies that integrate deeper semantic
awareness and furnish assessments exceeding basic lexical similarity [5].

This investigation examines GPT-3.5 Turbo [6] functioning as a relevance assessment mechanism
within software-centric information retrieval pipelines. Given textual problem specifications and skeletal
code structures, we instruct the system to emit numerical likelihood assessments for each solution
candidate, quantifying its fit relative to the stated requirement. Our exploration further investigates
temperature parameter choices and their implications for evaluation stability. Through three distinct
submission runs, the primary alternative achieves optimal results, obtaining a local nDCG score of
0.6615 alongside a global nDCG score of 0.9109.
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2. Related Work

Software-focused information retrieval has transitioned away from syntactic text matching toward
mechanisms that capture developer objectives and code organization with greater precision [7]. Seminal
investigations reveal the obstacles practitioners encounter during code navigation and documentation
exploration, establishing the imperative for IR methodology specifically engineered for programming
contexts [8, 9, 10, 11].

Foundational search techniques. Established approaches replicate standard text search func-
tionality and depend substantially on expression-based queries and logical filtering [9, 12]. Despite
implementation simplicity, these methods frequently omit situational specifics, creating tedious and cog-
nitively demanding lookup experiences [13]. To overcome these shortcomings, the field has advanced
toward situation-sensitive discovery incorporating semantic foundations and vocabulary schemas
customized for development artifacts [14].

Context-aware and formal representations. Contemporary investigation enhances discovery
mechanisms by integrating contextual relationships and formal structure descriptions of source imple-
mentations, encompassing parse trees and execution dependency mappings, to strengthen alignment
among user requirements and retrievable items [15, 16].

Language models applied to code. Sophisticated linguistic processing has accelerated numerous
SE endeavors, namely automated documentation synthesis, source code summarization, and automated
program fixing [17, 18, 19, 20, 21, 22, 23]. Attention-based sequential models, particularly those following
BERT and GPT paradigms, have established their capability for capturing code structure semantics
beneficial to ranking and filtering tasks [24].

Intelligent systems for developers. Concurrent innovation in leveraging developer behavior
patterns has enabled tools that forecast information requirements and customize solution suggestions
[25, 26]. Technologies including Codex and programming co-pilots demonstrate the prospect of real-time,
circumstance-sensitive assistance diminishing information overload during implementation [27, 28].
This contribution participates in this progression by utilizing GPT-3.5 Turbo to compute relevance
assessments for solution candidates.

3. Dataset

The evaluation corpus comprises 164 individual queries, each with exactly 10 competing solution
proposals. The responsibility involves estimating a numerical relevance assessment for all (query,
solution) combinations that mirrors the degree to which the proposal adequately handles the query
requirements.

4. Task Definition

When presented with a specification containing a requirement outline and fragmentary code, supple-
mented with ten alternative approaches per requirement, the goal centers on generating a numerical
relevance weight for each (specification, approach) combination expressing the prospect that the
approach would successfully fulfill the specification’s objective.

5. Method

5.1. Advantages of the prompting technique

Instruction-based inference [29] supplies an economical approach for transferring mission context and
evaluation specifications into system behavior:



• Well-defined inputs. An instruction that couples the requirement statement with a partial im-
plementation restricts the system’s computational focus to the essential aspects of the assignment
[30].

• Directed generation. Specific command language in instructions stimulates narrow, goal-
oriented outputs and diminishes unintended deviations from the assignment target [31].

• Computational expedience. Straightforward instructions minimize the solution space and
hasten convergence to pertinent determinations, economizing specialist effort [32].

• Evaluation framework. A singular numerical directive yields harmonized relevance weights
among possibilities, allowing effortless sequencing and investigation [33].

• Problem decomposition. Instructions may guide the system toward aspects of the specification
exhibiting maximal separability in intricate development circumstances [34].

• Broad applicability. Identical prompt patterns generalize across numerous contexts and code
repositories, enabling effective mass evaluation procedures [35].

• Extraction of learned patterns. The system synthesizes expertise acquired from comparable
undertakings, generating more thoughtful conclusions with limited direction [36].

• Rapid customization. Instruction patterns allow swift modification for novel code environments
or issue configurations with no requirement for model retraining [37].

5.2. Prompting implementation strategy

We engage GPT-3.5 Turbo utilizing single-shot learning without training to calculate solution applica-
bility measures. The system works via the subsequent progression:

(i) Input consumption: the specification text flows into the system.
(ii) Lexical segmentation: text becomes symbol sequences appropriate for system operations.

(iii) Representation formation: the symbol progression transforms into numerical vectors capturing
adjacent and distant semantic associations.

(iv) Focus mechanism: numerical matrices emphasize the most consequential sections relative to
the appraisal goal.

(v) Sequential production: the system sequentially creates result symbols reflecting the assessment
outcome.

(vi) Inverse lexical transformation: symbols reconvert to linguistic form.
(vii) Result transmission: the assessment score returns to the originating program.

A schematic representation of the methodology appears in Figure 1.
We activate GPT-3.5 Turbo operating in a single-shot paradigm to produce relevance scores quantify-

ing solution appropriateness. Three variations were tested with thermal parameters of 0.7, 0.8, and 0.9
employing the prompt: “Analyze the requirement <Problem> and the proposed solution <Solution> then
output a relevance metric from 0 to 1 indicating solution adequacy relative to the requirement. Supply only
the numerical result".”

6. Results

As presented in Table 1, the secondary iteration demonstrates strongest ranking fidelity, with enhance-
ments evident in both local and global nDCG relative to the parallel configurations.

7. Conclusion

The investigation positions solution appraisal as a search methodology challenge and illustrates that
prompt-based prompting with GPT-3.5 Turbo furnishes dependable, quantitative evaluation across



Figure 1: Architectural overview of employing GPT-3.5 Turbo with prompting to generate solution assessment
metrics.

Iteration Local nDCG Global nDCG

Iteration 1 0.6595 0.9108

Iteration 2 0.6615 0.9109

Iteration 3 0.6602 0.9107

Table 1
Evaluation outcomes of the Information Retrieval in Software Engineering task.

solution options. By embedding mission context and assessment directives into the specification, we ac-
quire uniform assessment measures amenable to subsequent filtering operations. Among configurations
examined, Iteration 2 demonstrates leading performance, garnering a local nDCG of 0.6615 and a global
nDCG of 0.9109. These conclusions imply functional techniques for incorporating neural-network-
based assessment mechanisms into engineering team procedures to diminish exploration overhead and
accelerate identification of superior implementations.
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