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Large Language Models (LLMs) have demonstrated remarkable capabilities in code generation at the function
or file level. However, they achieve limited performance on repository-level code generation due to the
complicated repository context where a substantial amount of files and functions exist. To address this
challenge, code context engineering methods are proposed to accurately extract the relevant code context
required by such tasks. These methods belong to three dominant paradigms: 1) Similarity-based In-Context
Learning (ICL), which retrieves similar code examples in the repository as demonstrations; 2) Static Analysis,
which captures relevant code context based on structural dependencies in the repository; and 3) Navigation-
based Paradigms, which invokes LLMs to dynamically explore repositories for context identification.

Despite the prevalence of code context engineering approaches, their individual contributions are often
coupled within complex agents in repository-level code generation, making it difficult to isolate and evaluate
the effectiveness of each paradigm. This paper presents the first large-scale and systematic empirical study
that compares three code context engineering paradigms independently. We evaluate ten representative code
context engineering methods based on the three paradigms, with eight popular LLMs on this task. We also
propose a new metric named Dependency Collection Rate (DCR) and efficiency metrics to enable the direct
comparison of code context engineering methods, rather than observing their impacts only on the final code
generation performance.

Our findings reveal fundamental trade-offs: static analysis provides the most reliable balance between
effectiveness and cost for function-level generation, while navigation-based approaches become increasingly
advantageous as task complexity grows. However, navigation requires powerful models and incurs 10-20×
higher computational costs. Based on these findings, we provide actionable implications for AI coding
researchers and software developers to guide the design and deployment of context-aware coding tools.
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1 Introduction
Intelligent software development powered by Large Language Models (LLMs) has moved beyond

concept into widespread and practical application, in which LLM-based coding tools like GitHub
Copilot redefine the workflows of millions of developers [1, 16] by automatically writing code for
developers. These code generation techniques significantly improve programming productivity in
modern software development [31, 34, 41, 56, 61]. By aligningwith the training objectives [19, 29, 35],
current LLMs show remarkable performance in function-level [5] and file-level [57] code generation,
where they only consider small requirement descriptions with short context before generating
code solutions. However, the case is fundamentally different for repository-level code generation, a
more practical and common scenario in modern software development, where the available context
becomes the entire code base with many functions and files [31]. It is quite challenging to model
the useful context information from the entire code base to facilitate the generation of correct code
solutions at this scale.

Context engineering [38] approaches are proposed to address the challenge of modeling long and
complicated context. They systematically identify, extract, and present the necessary background
information required by LLMs on domain-specific tasks. In the domain of software development,
we further refine the term into code context engineering, where the knowledge is the relevant
code context in the repository [32, 34, 48, 61], such as the implementations of related APIs and
invocation relationships.
With the development of repository-level code generation, the code context engineering ap-

proaches could be classified into three major paradigms. (i) Similarity-based In-Context Learn-
ing (ICL) was initially proposed to search similar code examples in the repository [15], inspired by
the commonly used in-context learning methodologies to let LLMs learn from similar examples.
(ii) Static Analysis is then integrated to accurately capture relevant code context based on struc-
tural dependencies in the repository [31, 32]. (iii) Navigation-based Paradigms have recently
been proposed to directly invoke LLM to dynamically explore repository filesystems for context
identification [34, 61], eliminating the need to define examples or static analysis rules manually.
Despite the widespread usage of code context engineering approaches, their individual con-

tributions have never been systematically evaluated [24, 32, 34, 65]. Previous work focuses only
on the study of a single paradigm, such as different similarity-based ICL methods [15, 52] or
providing different granularity of contexts [20, 28]. There is no comprehensive comparison of
multiple code context engineering paradigms in different aspects such as effectiveness, efficiency,
and quality. Furthermore, the context acquired by different code context engineering approaches is
usually indirectly evaluated in previous work by observing the impacts on the final code generation
performance.
This paper presents the first large-scale systematic empirical study to mitigate the gap. We

conduct a thorough investigation into the three code context engineering paradigms with a focus
on the following research questions:
• RQ1: Effectiveness. How much do the three code context engineering paradigms improve the
code generation effectiveness?

• RQ2: Efficiency & Cost.What are the differences of these paradigms in terms of time efficiency
and token cost?

• RQ3: Context Quality.What are the differences in the context generated by each paradigm?
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To answer the research questions, we implement ten representative code context engineering
methods based on the three paradigms, including three adapted from prior work, along with eight
predominant LLMs on 439 repository-level code generation tasks from execution-based benchmarks.
Notably, we introduce and implement NavPlus, a hybrid navigation agent that integrates structural
analysis capabilities directly into the tools, enabling systematic code exploration beyond basic
filesystem operations. Besides, to enable direct analysis of context quality, we propose a novel
metric, the Dependency Collection Rate (DCR), which measures the proportion of ground-truth
cross-file dependencies successfully retrieved by each method.

Based on the empirical results, we summarize the counter-intuitive findings:
• The similarity-based ICL paradigm shows minimal improvements, while the static analysis
paradigm delivers substantial improvements, particularly on function-level tasks. Its relative
advantage narrows on class-level generation where navigation becomes more effective. Both
passive paradigms are time-efficient and consume a limited number of tokens.

• The navigation-based context acquisition paradigm shows great potential to find the accurate
context but requires powerful LLM reasoning capabilities and incurs significantly higher
computational costs.

• Context quality extends beyond dependency coverage alone, as navigation-based approaches
with powerful models will outperform higher-DCR static analysis methods through implicit
knowledge acquired during repository exploration, revealing that code context servesmultiple
roles beyond simply providing structural dependencies.

Based on the findings, we draw several implications for both researchers developing context-
aware coding tools and software developers who use these tools. Our results reveal that static
analysis offers the best balance between performance gain and computational cost, navigation
approaches achieve the highest performance with powerful models, while similarity-based retrieval
proves limited for repository-level tasks. We identify critical research directions including agent-
specific model alignment and Language Server Protocol (LSP)-integrated tooling, while offering
practical guidance for selecting appropriate paradigms based on specific development scenarios
and computational constraints for users (developers).

We summarize our major contributions as follows:
• Novelty: To the best of our knowledge, we present the first large-scale systematic empirical
study for code context engineering.

• Framework & Benchmark: We design and implement a comprehensive experimental
framework to enable a fair comparison of 10 code context engineering methods, including
three adapted from prior work, by 8,758 lines of Python code. With this framework, our study
evaluates 8 predominant LLMs on 439 tasks, benchmarking the effectiveness, efficiency, and
context quality.

• Metric:We propose a new metric, namely Dependency Collection Rate (DCR), to quantita-
tively measure the ability of a code context engineering approach to identify and retrieve the
dependencies required.

• Implications:We derive several actionable implications and concrete guidance from our
results for both AI Coding researchers and software developers, informing the future design
and application of context-aware coding tools.

2 Background: Code Context Engineering for Repo-Level Code Generation
Repository-level code generation represents a fundamental shift from isolated function gener-

ation to contextualized programming within entire software project. Unlike function-level tasks
where models operate with self-contained requirements, repository-level generation demands
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understanding intricate inter-file dependencies, architectural patterns, and API usage conventions
across potentially thousands of files. The generation effectiveness on repository-scale tasks is highly
dependent on the quality of cross-file context. Following prior literature [43, 54, 65, 67], we use the
term repository-level code generation to refer to tasks where the generated code depends on cross-file
context (e.g., imported APIs or class hierarchies). This is distinct from whole repository synthesis,
focusing specifically on the accurate retrieval and utilization of project-wide code contexts.

To systematically understand the code context engineering paradigms, we conducted a literature
review covering recent methods related to LLM-based code generation. While existing methods
often integrate multiple agentic components (e.g., prompting strategies, reflection mechanisms),
our review only focuses on the code context engineering dimension. This focused lens reveals three
fundamental paradigms that represent fundamentally different strategies of how LLMs interact
with code repositories.

Table 1. Code context engineering approaches in LLM-based code generation methods.

Paradigm Methodology Year/Avenue

Si
m
il
ar
it
y-
ba

se
d

In
-C

on
te
xt

Le
ar
ni
ng

ReACC [36] uses a dual-encoder for semantic retrieval. 2022/ACL
RepoCoder [66] uses retrieval-generation with refinement. 2023/EMNLP
Demo Construction [15] benchmarks similarity-based ICL methods. 2023/ASE
LoGenText-Plus [14] retrieves similar log statement. 2023/TOSEM
IRCoCo [26] uses RL for better utilizing retrieved context. 2024/FSE
UniLog [59] retrieves similar log statement. 2024/ICSE
ProCC [50] adaptively selects from multiple retrieval perspectives. 2024/TOSEM
RLCoder [55] trains a retriever using code perplexity. 2025/ICSE
Wang et al. [52] benchmarks similarity-based ICL methods with tuning methods. 2025/FSE
...

St
at
ic

A
na

ly
si
s

TypeGen [45] extracts inter-file type dependencies. 2023/ASE
CoCoMic [13] models cross-file context using a static analysis tool. 2024/LREC-COLING
DRACO [8] builds a repo-specific context graph via dataflow analysis. 2024/ACL
DroidCoder [64] enriches context from static analysis of Android app. 2024/ASE
SCLogger [30] extracts inter-method context using static analysis of call graphs. 2024/FSE
Blinn et al. [4] integrates LLM with an LSPs to provide precise static context. 2024/OOPSLA
IDECoder [31] leverages native IDE-derived static context. 2024/LLM4Code
A3-CodGen [32] identifies three types of dependencies as context. 2024/TSE
AlphaTrans [23] uses static dependency analysis to guide code translation. 2025/FSE
...

N
av

ig
at
io
n-
ba

se
d CodeAgent [67] developed programming tools for codebase navigation 2024/ACL

SWE-Agent [62] Autonomously resolves issues using a basic filesystem. 2024/NeurIPS
RepoAgent [37] navigates the repository for easy reference and comprehension. 2024/EMNLP
AutoFL [25] prompts an LLM to use function calls to navigate a repository 2024/FSE
LocAgent [7] navigates a pre-built structural code graph. 2025/ACL
RepoGraph [43] manages a repository-level structure for LLMs 2025/ICLR
CodexGraph [33] integrates LLM agents with code repository graph database 2025/NAACL
...

As shown in Table 1, we identify three distinct paradigms that represent fundamentally different
approaches to code context engineering within these comprehensive systems. While each listed
method may incorporate other innovations, our analysis extracts and categorizes the context
acquisition strategies to enable systematic comparison.
Our analysis reveals the clear difference in context engineering approaches. The first two

paradigms are passive paradigmswithout active repository exploration for the context. In contrast,
the third active paradigm dynamically discovers repository context through iterative exploration
guided by the model’s reasoning process.

2.1 Similarity-Based In-Context Learning (ICL)
The earliest and most intuitive approach treats repository-level generation as the source of few-

shot learning. As illustrated in Figure 1(a), this paradigm is founded on the principle of learning
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from example. It treats the existing codebase as an indexed knowledge base of code snippets and
uses a retriever to find solutions to problems that are similar to the current task [15, 52]. These
retrieved snippets, typically identified based on lexical (e.g., BM25) or semantic similarity, are then
provided to the LLM as few-shot demonstrations to guide the generation process. The effectiveness
of this paradigm is dependent on the definition of "similarity".
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(a) Similarity-based ICL paradigm
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(b) Static Analysis paradigm.
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Fig. 1. An illustration of the three core paradigms for repo-level context engineering evaluated in this study.

2.2 Static Analysis
In contrast, the Static Analysis paradigm, shown in Figure 1(b), operates on the principle of

learning fromdependency. It aims to provide the LLMwith a relatively precise, programmatically-
derived map of the codebase’s architecture. This approach involves parsing source code to build
structural representations like Abstract Syntax Trees (ASTs) and call graphs, from which it extracts
explicit dependencies such as imported modules, inherited classes, and definition-use chains [30–
32]. By explicitly including function definitions, the model can better understand the expected
behavior and usage patterns of the called functions. While the target function body is not yet
generated in the repository-level code generation task, this paradigm relies on analyzing the
surrounding context, such as file-level import statements, class inheritance hierarchies and the
function signature, to infer potential dependencies. By explicitly including function definitions
resolved from these visible symbols, the model can better understand the expected behavior and
usage patterns of the called functions. While this method can provide highly accurate context,
its capability to analyze dependency is inherently static and cannot capture runtime information
(e.g., indirect invocation) or dynamic behaviors. This mirrors the real-world setting, where runtime
invocations are unknowable when coding.

2.3 Navigation-Based Paradigm
As shown in Figure 1(c), the third paradigm represents a fundamental shift from passive context

provision to active discovery, operating on the principle of learning by exploration. It reframes
the LLM as an autonomous agent that mimics the workflow of a human developer to acquire
context [34, 48, 61]. This is achieved by empowering the LLMwith a toolkit of pre-defined commands,
such as for file system exploration (ls) or content searching (grep).

The agent’s operational cycle is an iterative feedback loop based on the modern concept of tool
calling. At each step, the LLM’s task is to select a tool from its toolkit and formulate the arguments
for that tool. An external system then safely executes the invoked tool and returns the output to the
LLM. The agent uses this new knowledge to update its understanding and decide on its next action.
When the agent determines it has gathered sufficient knowledge, it concludes the exploration phase.
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It then synthesizes the constructed contexts with raw code snippet and its reasoning for why they
are useful, as illustrated in Figure 1(c).

This dynamic and autonomous approach fundamentally differs from the passive paradigms. Its
effectiveness is highly contingent on the backbone LLM’s reasoning and planning capabilities.
Furthermore, the iterative, multi-turn nature of the process and the empowerment of the LLM to
invoke tools introduce a distinct profile of trade-offs, which must be empirically evaluated.

3 Study Design
To systematically evaluate the trade-offs inherent in the three paradigms of code context engineer-

ing, our experimental design is structured around three fundamental dimensions: the effectiveness
of the generated code, the practical efficiency of the process, and the intrinsic quality of the
context itself.

Our evaluation is guided by the following research questions (RQs).
• RQ1: How much do the three code context engineering paradigms improve the code genera-
tion effectiveness?

• RQ2: What are the differences of these paradigms in terms of time efficiency and token cost?
• RQ3: What are the differences in the context generated by each paradigm?

To answer these questions, we conducted a comprehensive empirical study. ForRQ1, we evaluate
the code generation effectiveness of each paradigm by comparing multiple implementation variants,
such as different retrieval algorithms for similarity-based ICL and different agentic strategies for
navigation. For RQ2, we measure the associated trade-offs by quantifying the one-time offline
preparation time (i.e., indexing), the online preparation time (i.e., retrieval), and the LLM workloads
(e.g., number of calls and tokens). Finally, for RQ3, we perform a qualitative manual analysis on
the generated contexts to understand the root causes of the performance differences, focusing on
aspects like relevance, noise.

3.1 Datasets

Table 2. Details of the studied repo-level datasets and comparison with other notable benchmarks.

Dataset Task Type # of Problems # of Repositories Language(s) Executable

CoderEval [63] Function Generation 460 53 Python, Java Yes
DevEval [28] Function Generation 1,874 115 Python Yes
RepoClassBench [11] Class-level Generation 97† 10 Python, Java, C# Yes

CrossCodeEval [12] Code Completion 10,000 ∼1k Python, Java, TS, C# No
RepoEval [66] Code Completion 373 6 Python Yes
CoCoMIC [13] Code Completion 6,888 60,891 Python No
† RepoClassBench contains 97 Python class-level tasks. We successfully restored execution environments for 94 of them.

We establish three core principles for dataset selection:
(1) Repository-Level Context: The benchmark must be built upon real-world code repositories

to ensure that the tasks require repo-level context.
(2) Sufficient Task Complexity: The benchmark must focus on function-level code generation

rather than simpler tasks like single-line completion, ensuring that the choice of context
engineering strategy is meaningful.

(3) Execution-Based Evaluation: The benchmark must provide a reliable mechanism for func-
tional correctness evaluation.
Based on our selection principles, we identified CoderEval [63] and DevEval [28] as the most

suitable benchmarks for our study. Due to the cost of evaluating multiple context engineering meth-
ods across numerous LLMs, we sample one task per repository fromDevEval. To further validate our
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Fig. 2. Task formulation for repository-level code generation.

findings beyond function-level generation, we additionally include RepoClassBench [11], a class-
level code generation benchmark where each task requires generating an entire class with cross-file
dependencies. We use its Python split under the detailed description setting and evaluate with
Pass@1 against the provided test cases. In total, our evaluation encompasses 439 repository-level
tasks: 230 from CoderEval, 115 sampled tasks from DevEval, and 94 from RepoClassBench.

As illustrated in Figure 2, our task formulation follows the file infilling setting [28] for method-
level code generation where models are provided with method signatures, requirement, and local file
contexts. Each context engineering paradigm then constructs additional repository-level contexts
that are combined with the base input and sent to the LLM for code generation. The generated
solutions are evaluated against test cases for functional correctness.
To ensure experimental validity and prevent data leakage, we preprocessed all repositories by

removing test-related directories and any files containing test cases. This preprocessing ensures
that no context engineering paradigm could inadvertently access test cases or solution hints.

3.2 Studied Methods
To conduct our comparative study, we designed and implemented representative versions of

each of the three paradigms. This subsection details the specific design and implementation choices
for each method used in our experiments.

Similarity-based ICL. Following previous work [15, 27, 52], we implement three distinct and
representative retrieval strategies, each designed to retrieve the top-5 examples with the highest
similarity scores [15, 18, 52]. Specifically, these strategies are:

• ICLBM25 uses the classical BM25 [46] algorithm for lexical retrieval.
• ICLUniXcoder uses the UniXcoder [19] model for semantic retrieval.
• ICLCoCoSoDa employs the CoCoSoDa [47] model for contrastive learning-based retrieval.

We additionally adapt RepoCoder [65], an iterative retrieval approach. The LLM first generates
draft code, then replaces the signature as query to retrieve the code snippets.

Static Analysis. As mentioned in Section 2.2, we define a dependency as any cross-file program
entity (e.g., function definitions, class instantiations, or global variables) necessary for the target
task. Following previous works [31, 32, 52], we implemented two variants to explore the impact
of dependency context granularity: SAMethod and SAFile, which parse the target file’s imports and
symbol table to identify potential cross-file references and resolves them to their definitions.

• SAMethod provides a dense context by extracting only the source code of dependent methods.
• SAFile provides a broader context by extracting the full source files of dependencies.
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We additionally adapt A3-CodGen [32], which extends cross-file dependency resolution with
third-party library awareness. It extracts function signatures from installed third-party packages
via runtime introspection.

Table 3. Overview of the Toolkit for the NavRaw.

Category Tool Description

Repository
Exploration

list_dir Lists the files and directories within a specified path.
read_dir_tree Provides a structured, recursive tree view of the directory hierarchy.
glob Searches for files across the repository using wildcard patterns (e.g., src/**/*.py).

Content
Access

read_file Reads the content of a file, with optional support for specific line ranges.
grep_search Performs a content-based search within a file using a regular expression.

Navigation-based Paradigms. This approach represents the paradigm of learning by exploration [7,
34, 62], where the LLM actively discovers context. A key design choice in our implementation is
that the same LLM serves dual roles: it both collects the contexts and generates the code solution.
We designed and implemented two distinct agents, allowing batch invocation of independent tool
calls within a single LLM request:

• NavRaw serves as our basic navigation context collection agent, equipped with a basic toolkit
(detailed in Table 3) to mimic a developer operating on a raw repository, demonstrating the
pure repository exploratory and context collection and summarization paradigm.

• NavPlus is an enhanced agent equipped with advanced tools. Instead of relying solely on
text-based commands, its core principle is to integrate the capabilities of static analysis and
semantic search directly into its action space. This is achieved by providing the agent with
an augmented toolkit (detailed in Table 4) that operates on a pre-built structural [7] and
semantic [65] index of the repository. Consequently, the agent can perform advanced actions,
such as acquiring the function definition (i.e., find_definition) or finding semantics-related
code (i.e., semantic_search), rather than reading raw files.

We additionally adapt the SWE-Agent [62] for agentic method, retaining its bash-style navigation
tools (open, scroll, search_file/dir, find_file) with windowed file viewing, but removing
editing commands.

Table 4. Overview of the Toolkit for the NavPlus.

Category Tool Description

Repository
Exploration

list_dir Lists the files and directories within a specified path.
read_dir_tree Provides a structured, recursive tree view of the directory hierarchy.
glob Searches for files across the repository using wildcard patterns.

Structural
Navigation

find_definition Locates an identifier’s definition using the structural index.
find_references Finds all usages of a identifier using the structural index.
read_class_structure Extracts a high-level view of a class’s methods and fields.

Semantic &
Content Access

read_file Reads raw file content, supporting line ranges (foundational).
read_function Extracts only the source code of a specific function.
read_class Extracts the full source code of a specific class.
semantic_search Searches for semantically similar code snippets using a vector index.

3.3 Selected LLMs
We evaluate our context engineering paradigms across 8 popular and powerful LLMs. Our

selection includes both open-source and commercial models. Table 5 summarizes the models, their
sizes, and context window capacities.
We include four open-source models: Llama-3.3-Instruct (70B) [39], Qwen3-Instruct (235B-

A22B) [60], Qwen3-Coder-Instruct (480B-A35B) [22], and GPT-OSS (120B) [42]. These models
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Table 5. The LLMs we evaluate in this paper. Models highlighted in gray are closed-source models.

Model Size Context Size Model Size Context Size

Llama-3.3-Instruct 70B 128K Qwen3-Instruct 235B-A22B 128K
Qwen3-Coder-Instruct 480B-A35B 256K GPT-OSS 120B 128K

DeepSeek R1 671B-A37B 128K GPT-4o - 128K
Claude 4 Sonnet - 200K Gemini 2.5 Pro - 1M+

provide transparency in our evaluation and enable reproducibility. For commercial models, we
evaluate DeepSeek R1 (671B-A37B) [10], GPT-4o [42], Claude 4 Sonnet [2], and Gemini 2.5 Pro [17],
which represent the current frontier of commercial LLM capabilities. We invoke all those models
through their official APIs or openly deployed platforms. We set the temperature at 0 to ensure
reproducibility and follow the default model thinking budget. To verify the reliability of our single-
run results, we conducted a stability analysis by repeating the generation 3 times on a random subset
of 50 tasks. We observed zero variance in the generated code, confirming that our Temperature=0
setting ensures deterministic and reproducible outcomes.

Throughout our results, we use the following abbreviations: L-3.3 (Llama-3.3-70B-Instruct), Q-3
(Qwen3-235B-A22B-Instruct), QC-3 (Qwen3-Coder-480B-A35B-Instruct), G-O (GPT-OSS-120B),
DS-R1 (DeepSeek R1), GPT-4o, C-S-4 (Claude 4 Sonnet), and G-P-2.5 (Gemini 2.5 Pro).

3.4 Evaluation Metrics
To comprehensively answer our research questions, we employ a suite of metrics.

Effectiveness Metrics (RQ1).

• Pass@1: The metric for functional correctness of generated code. It measures the percentage
of problems for which the first generated solution passes all defined test cases.

Efficiency Metrics (RQ2). We decompose efficiency into three aspects: one-time offline preparation,
per-task online latency, and LLM workload. We deliberately exclude LLM inference time itself, as
it is a confounding variable dependent on external factors (e.g., API provider server load, network
latency) and out of scope for evaluating context engineering strategies.

• Offline Preparation Time (𝑇offline_prep): The one-time, per-repository computational cost
to prepare the system before requesting LLM.

• Online Preparation Time (𝑇online_prep): The wall-clock time spent preparing context for a
single task before LLM invocation.

• LLM Invocations (𝑁llm): The number of LLM calls required to complete a single task. This
directly impacts both latency and cost.

• Token Cost: The total input and output tokens processed by the LLM across all invocations
per task.

We measure time performance over 12 runs and average results after excluding the highest and
lowest values [44].

Context Quality (RQ3). To quantitatively evaluate the quality of the cross-file context generated
by each paradigm, we propose a new metric that evaluates its completeness. Our proposed
DCR metric is conceptually distinct from the Dependency Invocation Rate (DIR) [20]. While DIR
evaluates whether the LLM uses the provided context, our DCR is designed to evaluate the code
context engineering process itself. We define ground-truth dependencies as the set of cross-file
functions that are actually invoked during the execution of the ground-truth solution, captured
through code instrumentation.
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• Dependency Collection Rate (DCR): This metric measures the proportion of ground-truth
code dependencies that are collected correctly during code context engineering. A higher
DCR indicates that the context engineering strategy is more successful in identifying and
including the necessary code dependencies for the task.

3.5 Implementation
All experiments were conducted on a workstation, simulating a powerful developer’s environ-

ment (DevBox) in real-world development scenario. The DevBox is a single Linux server running
Ubuntu 20.04.4 LTS, equipped with a multi-core Intel Xeon W-series CPU (32 cores @ 3.00GHz),
64 GB of RAM and a single NVIDIA A100 (80GB) GPU. This setup is representative of a powerful,
modern workstation used for both CPU-intensive tasks (e.g., lexical retrieval, static parsing, and
local builds) and GPU-accelerated tasks (e.g., generating embeddings). Crucially, to mirror real-
world development scenarios [6, 40, 53] where developers interact with powerful models, all LLM
invocations in our study were made via external APIs.

4 Experiment Results
4.1 RQ1: Effectiveness

Table 6. Pass@1 results for different context acquisition methods on the DevEval, CoderEval, and RepoClass-
Bench datasets (RQ1). The Avg-Improve column shows the averaged relative improvement over the Base
performance. The greener the cell, the better the performance on that dataset.

Dataset Method L-3.3 Q-3 QC-3 G-O DS-R1 GPT-4o C-S-4 G-P-2.5 Avg-Improve

DevEval
(Infilling)

Base 54.78 61.74 66.09 58.26 65.22 59.13 66.09 67.83 —
ICLBM25 56.52 63.48 70.43 62.61 65.22 62.61 68.7 67.83 3.73%↑
ICLUniXcoder 57.39 64.35 69.57 60.0 64.35 61.74 66.96 71.3 3.34%↑
ICLCoCoSoDa 55.65 66.09 66.96 63.48 64.35 60.87 71.3 68.7 3.71%↑
RepoCoder 57.39 65.22 70.43 63.48 64.35 64.35 69.57 68.7 4.87%↑
SAMethod 60.0 66.96 69.57 67.83 70.43 60.0 70.43 69.57 7.28%↑
SAFile 62.61 69.57 70.43 69.57 71.3 61.74 73.04 71.3 10.29%↑
A3-CodGen 61.74 67.83 70.43 68.7 70.43 60.87 70.43 69.57 8.19%↑
NavRaw 55.65 65.22 67.83 65.22 66.96 64.35 73.04 73.04 6.98%↑
NavPlus 56.52 68.7 71.3 67.83 68.7 66.96 73.91 73.91 9.77%↑
SWE-Agent 54.78 67.83 68.7 66.96 67.83 65.22 73.91 73.04 7.82%↑

CoderEval
(Infilling)

Base 41.74 47.83 46.96 48.26 44.35 42.61 49.56 52.17 -
ICLBM25 40.43 48.7 49.13 51.74 49.57 46.96 52.61 56.09 5.77%↑
ICLUniXcoder 43.04 48.26 52.61 53.04 50.87 45.65 53.91 57.83 8.43%↑
ICLCoCoSoDa 42.17 48.26 52.61 53.48 50.87 46.96 51.74 56.52 7.80%↑
RepoCoder 40.87 50.0 50.87 52.17 50.87 47.39 53.91 56.96 7.85%↑
SAMethod 52.17 54.35 56.52 54.78 53.91 49.13 56.96 60.43 17.51%↑
SAFile 53.91 55.22 56.09 55.22 54.35 52.17 58.26 58.7 19.19%↑
A3-CodGen 53.48 54.78 57.39 55.22 53.91 50.0 57.83 60.87 18.95%↑
NavRaw 35.22 52.61 53.91 50.87 50.0 57.83 63.04 60.87 14.47%↑
NavPlus 47.39 54.35 53.91 55.22 52.6 56.09 64.78 62.61 17.17%↑
SWE-Agent 38.26 53.48 53.91 53.04 51.3 56.96 63.91 61.74 15.61%↑

RepoClassBench
(Class-level)

Base 24.47 29.79 30.85 26.60 31.91 27.66 30.85 32.98 —
ICLBM25 23.40 30.85 32.98 27.66 35.11 29.79 35.11 38.30 7.22%↑
ICLUniXcoder 23.40 29.79 32.98 26.60 31.91 27.66 30.85 38.30 2.34%↑
ICLCoCoSoDa 23.40 29.79 32.98 26.60 30.85 28.72 38.30 36.17 4.61%↑
RepoCoder - - - - - - - - -
SAMethod - - - - - - - - -
SAFile 26.60 32.98 35.11 29.79 35.11 30.85 37.23 37.23 12.54%↑
A3-CodGen - - - - - - - - -
NavRaw 19.15 35.11 31.91 28.72 37.23 34.04 43.62 42.55 14.72%↑
NavPlus 21.28 39.36 37.23 31.91 40.43 39.36 45.74 43.62 26.16%↑
SWE-Agent 20.21 31.91 35.11 29.79 36.17 37.23 44.68 42.55 17.17%↑

‡ RepoCoder, SAMethod , and A3-CodGen are not applicable to class-level tasks (see text).
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Table 6 presents the Pass@1 results across all three benchmarks. Without repository-specific
context, LLMs achieve an average Pass@1 of 62.27% on DevEval, 46.69% on CoderEval, and 29.39%
on RepoClassBench, confirming that repository-level tasks remain challenging even for capable
models. We first analyze the function-level benchmarks (DevEval and CoderEval), then examine
how these patterns extend to class-level generation (RepoClassBench).
Function-level generation. Our evaluation begins with the widely adopted similarity-based

ICL paradigm. While generally beneficial, its effectiveness is markedly limited, aligned with pre-
vious work [18]. In some cases, ICL even degrades performance: Llama-3.3 drops from 41.74% to
40.43% with BM25 on CoderEval. The improvements are modest across all ICL variants, including
RepoCoder [65], with average improvements ranging from 3.34% to 4.87% on DevEval and 5.77%
to 8.43% on CoderEval. Since the model is already provided with substantial local context under
the infilling setting, the retrieved snippets appear to serve as task demonstrations (i.e., few-shot
prompting [15]) rather than as sources of critical missing information, a role that diminishes with
more capable LLMs. Notably, even RepoCoder’s iterative query refinement (4.87% on DevEval)
remains well below SAMethod (7.28%), suggesting that the paradigm’s bottleneck lies in retrieval
granularity rather than query quality.

Finding 1: For the code generation task, similarity-based retrieved contexts provide minimal
performance impact, even with iterative query refinement. The retrieved code snippets appear to
act as task demonstrations rather than providing critical contexts. The utility of this demonstrative
role diminishes with more capable LLMs.

In contrast, the Static Analysis (SA) paradigm proves remarkably effective and reliable. This
approach provides a programmatically-derived dependency map of the codebase’s architecture.
SAFile, which gathers file-level dependent contexts from structural dependencies, led to significant
gains across all models. For instance, SAFile increased the Pass@1 score of Qwen-3 on DevEval
from 61.74% to 69.57% (12.68% relative improvement), and Claude Sonnet 4 from 66.09% to 73.04%
(10.52% relative improvement). On average, the SA paradigm improved performance by 7.28% to
10.29% on DevEval and 17.51% to 19.19% on CoderEval, with SAFile consistently achieving the
highest gains. A3-CodGen [32], which extends SAMethod with third-party library signatures, falls
between SAMethod and SAFile (8.19% on DevEval), indicating that file-level context richness is a
more dominant factor than coverage completeness.

Finding 2: Providing dependency contexts derived from static analysis, which captures the
structural properties of the codebase, proves to be a highly effective paradigm for function-level
code generation, though its relative advantage narrows on class-level tasks where the target code
dominates the file context.

Shifting from passive context provision to active context discovery, the navigation-based par-
adigm achieves the highest individual scores in our evaluation: NavPlus reaches 73.91% on both
Claude Sonnet 4 and Gemini 2.5 Pro for DevEval, matched by SWE-Agent [62] on Claude Sonnet
4. On average, NavPlus achieves improvements of 9.77% on DevEval and 17.17% on CoderEval.
However, the paradigm’s effectiveness is highly dependent on the backbone LLM’s reasoning
capabilities. Weaker models struggle significantly: Llama-3.3 drops from 41.74% to 35.22% with
NavRaw on CoderEval. This pattern persists across all three navigation variants with distinct tool
interfaces, confirming that the model sensitivity is an intrinsic paradigm characteristic.
Class-level generation. Three methods are not applicable to class-level tasks: SAMethod and

A3-CodGen rely on sibling code in the target file to resolve fine-grained dependencies, which is
unavailable when the entire class body is removed; RepoCoder’s iterative refinement depends
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on function-level draft generation that does not transfer to class-level. The remaining methods
reveal an important shift in the paradigm hierarchy. The ICL paradigm remains modestly effective,
consistent with function-level findings. However, the relative advantage of Static Analysis narrows
considerably: on function-level benchmarks, SAFile’s average improvement is 2.8× that of BM25;
on class-level tasks, this gap narrows to 1.7×. We attribute this narrowing to the target-to-file
ratio: SAFile traces cross-file dependencies by analyzing sibling definitions in the target file. When
the target is a single function within a large file, abundant sibling code provides rich dependency
signals. When the target is an entire class that dominates its file, removing the class body leaves
few sibling definitions for SA to analyze, causing it to partially degenerate toward the baseline.

This structural limitation creates an opportunity for navigation. Because agents discover context
through active exploration rather than file-level parsing, they are unaffected by the target-to-file
ratio. The lower baseline on class-level tasks (29.39% vs. 62.39% on DevEval) also provides more
headroom for context-driven improvement. On class-level tasks, NavRaw surpasses SAFile, reversing
the function-level ordering, and NavPlus achieves the largest improvement across all paradigms.
SWE-Agent falls between the two navigation variants, maintaining the consistent within-paradigm
ordering. The model-dependency pattern also persists: Llama-3.3 drops below baseline for all
navigation variants on class-level tasks as well.

Finding 3: Navigation-based paradigm demonstrates the potential to outperform all passive
strategies with powerful commercial models, particularly when equipped with advanced tools
(i.e., NavPlus). This advantage amplifies on class-level tasks, where passive dependency resolution
becomes less effective. However, this paradigm’s effectiveness is highly dependent on both the
backbone LLM’s reasoning capabilities and the tool interface design, while weaker models may
experience performance degradation across both task granularities.

4.2 RQ2: Efficiency

Table 7. Time efficiency on DevEval. Offline costs are one-time per repository. Online costs are per-task.
Navigation costs (marked with *) are averaged across all evaluated language models, as they are model-
dependent.

Method Offline Phase Online Phase (Per-Task)

Paradigm 𝑇offline_prep (ms) 𝑇online_prep (ms) 𝑁llm (# Invocations)

Base — N/A ≈ 0 1

Similarity-based ICL

ICLBM25 133 11 1
ICLUniXcoder 7811 56 1
ICLCoCoSoDa 5175 47 1
RepoCoder 487 127 2

Static Analysis
SAMethod 3011 383 1
SAFile 2756 269 1
A3-CodGen 4687 421 1

Navigation
NavRaw 𝑁 /𝐴 1426* 9.85*
NavPlus 9380 2075* 4.62*
SWE-Agent 𝑁 /𝐴 1386* 11.47*

Beyond effectiveness, the practical viability of any context engineering paradigm hinges on its
efficiency. In this RQ, we provide a holistic analysis of the efficiency trade-offs. We dissect efficiency
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(a) Indexing Time vs. LOC. (b) Indexing Time vs. File
Count.

(c) Retrieval Time vs. LOC. (d) Retrieval Time vs. File
Count.

Fig. 3. Performance evaluation of static analysis indexing and retrieval times across codebases of varying
sizes. Each point represents a repository.

into three key components: the one-time Offline Preparation Time for repository preparation,
the per-task Online Preparation Time (i.e., retrieval time) perceived by the user, and the Token
Cost driven by token consumption. Time efficiency (indexing and retrieval latency) depends on the
method and repository, not on the generation target, so we report it on function-level benchmarks
only. Token cost depends on both, so we analyze it across both function-level and class-level
generation.

4.2.1 Time Efficiency.
Offline Preparation Time. The one-time computational investment varies significantly across

the different paradigms. The lexical similarity-based BM25 is exceptionally lightweight, requiring
only 133 ms to index a repository; RepoCoder additionally constructs a sliding-window snippet
corpus for its iterative retrieval (487 ms). In contrast, methods that rely on embedding models incur
a more substantial, multi-minute cost: UnixCoder is the most expensive at 7,811 ms, while SAFile
represents a moderate middle ground at 2,756 ms. A3-CodGen adds third-party signature extraction
on top of SA, increasing offline cost to 4,687 ms. As shown in Figure 3, static analysis costs scale
predictably with repository size, demonstrating nearly linear growth patterns (𝑂 (𝑁 )) with both
lines of code and file count. Note that this offline time pattern represents the cold start scenario for
repo-level coding task. In practical development, the code index maintenance is incremental, where
only modified files are re-parsed, rendering the amortized cost for daily code changes negligible.
The navigation paradigm presents a dichotomy: NavRaw and SWE-Agent require zero offline

preparation, while NavPlus reintroduces offline costs to build structural and semantic indexes.
Online Time and LLM Invocations. The efficiency landscape completely reverts during the

online phase. Passive paradigms exhibit remarkably low online preparation time under 425 ms. The
lexical ICLBM25 achieves exceptional speed at just 11 ms, while static analysis methods range from
269 ms (SAFile) to 421 ms (A3-CodGen). RepoCoder requires 127 ms but uniquely needs two LLM
invocations (draft generation + final generation); all other passive methods require exactly one
LLM invocation per task.
In contrast, navigation-based methods incur dramatically higher online costs. NavRaw requires

1,426 ms and averages 9.85 LLM calls per task, while NavPlus reduces invocations to 4.62 at the
expense of higher preparation time (2,075 ms). SWE-Agent averages 11.47 calls per task, the highest
among all methods, reflecting the overhead of its windowed file viewing that requires multiple scroll
operations per file. Since each LLM call introduces substantial inference delays, the multi-invocation
nature of navigation creates multiplicative latency effects that fundamentally distinguish it from
the single-call efficiency of passive paradigms.
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Finding 4: A fundamental efficiency trade-off separates the passive and active paradigms. Passive
methods leverage offline pre-computation to resolve taskswithin one or two LLM calls, minimizing
time latency. In contrast, the active paradigm’s iterative nature inherently requires 4.62–11.47
times LLM invocations on average, leading to substantially higher user-perceived latency.

4.2.2 Token Cost Efficiency.
Table 8 reveals that API token costs vary by more than two orders of magnitude across paradigms,

creating significant implications for practical deployment. The basic approach consumes only 4,977
tokens, establishing the minimal cost floor for function-level code generation.

Table 8. Model cost efficiency analysis (Logarithmic Scale Heatmap). For RAG and Static Analysis,
the token count is model-agnostic. For Navigation, the token count is model-dependent. Costs are
estimated based on public pricing models and their own tokenizers.

Paradigm Avg. Total Tokens Averaged Cost per Task ($)

L-3.3 Q-3 QC-3 G-O DS-R1 GPT-4o C-S-4 G-P-2.5

Base — 4,977 .0009 .0011 .0012 .0007 .0028 .0113 .0395 .0332

Similarity-based ICL

ICLBM25 28,412 .0059 .0065 .0069 .0074 .0104 .0647 .1129 .0802
ICLUniXcoder 29,790 .0064 .0072 .0076 .0081 .0114 .0711 .1239 .0835
ICLCoCoSoDa 28,581 .0058 .0071 .0069 .0074 .0102 .0647 .1160 .0793
RepoCoder 33,247 .0067 .0077 .0080 .0082 .0131 .0762 .1519 .1131

Static Analysis
SAMethod 8,195 .0016 .0020 .0020 .0026 .0053 .0253 .0539 .0455
A3-CodGen 9,695 .0019 .0024 .0024 .0035 .0065 .0318 .0606 .0512
SAFile 43,497 .0084 .0107 .0095 .0112 .0216 .0958 .2506 .1787

Navigation
NavRaw 92,147 .0161 .0385 .0281 .0314 .1272 .3184 .7136 .4158
SWE-Agent 82,463 .0168 .0361 .0254 .0296 .1095 .2743 .6483 .3651
NavPlus 56,785 .0107 .0274 .0196 .0240 .0539 .1972 .5295 .2619

a A deeper red color indicates a higher cost.
Function-level generation. Passive paradigms exhibit clear cost-granularity trade-offs. Static

analysis presents the internal contrast: SAMethod emerges as the most token-efficient context engi-
neering approach at 8,195 tokens (65% increase over baseline), providing dense structural infor-
mation with minimal overhead. A3-CodGen [32] adds third-party library signatures for a modest
increase to 9,695 tokens. Conversely, SAFile becomes the most expensive passive method at 43,497
tokens (774% increase), reflecting the cost of including complete dependent file contents.
In contrast, Similarity-based ICL methods operate on a different principle, providing similar

examples rather than abstract structures. This approach is necessarily more verbose than SAMethod,
increasing the total prompt size to ≈29–33k tokens, where RepoCoder [65] incurs the highest cost
due to its two sequential LLM calls. This higher token count is a direct result of our file infilling
setting, which adheres to the common practice of retrieving similar granularity examples [15, 18, 52]
to provide contexts.

Navigation methods impose the highest token burden. NavRaw consumes 92,147 tokens (1,751%
increase over baseline), driven by extensive codebase exploration and multiple file reads during
iterative discovery. NavPlus reduces consumption to 56,785 tokens (1,041% increase) through fewer
invocations and specialized tools that provide structured informationwithout verbose file operations.
SWE-Agent [62] falls between the two at 82,463 tokens, confirming that the high token consumption
is an inherent paradigm characteristic regardless of tool interface design. However, even the most
optimized version remains at least 1.3x more expensive than all passive methods. For premium
models like Claude Sonnet 4, navigation costs reach $0.53-$0.71 per task with NavRaw and $0.26-$0.53
with NavPlus, compared to $0.04-$0.25 for passive methods. This cost differential creates a significant
barrier for large-scale deployment.
Actual cost multipliers exceed token count ratios because navigation generates substantially

more output tokens through iterative reasoning [2, 9]: NavRaw uses 2.1x more tokens than SAFile
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but costs 2.8x more with premium models. Navigation also risks exceeding model context windows
(128k–200k tokens), posing practical constraints for large repositories.

Class-level generation. On RepoClassBench, the paradigm cost hierarchy is preserved but
absolute costs increase substantially. Class-level tasks require generating entire class bodies with
multiple methods, increasing both the input context and the output tokens. Navigation methods
are most affected: with Claude 4 Sonnet, the average cost per task reaches $1.47 for navigation
agents, approximately 1.8× the function-level cost. The amplified cost gap further reinforces the
practical trade-off: while navigation agents achieve the highest effectiveness, their deployment cost
on complex generation tasks makes paradigm selection a critical economic decision.

Finding 5: Token consumption varies by over two orders of magnitude across paradigms, with
navigation methods consuming 10-20x more tokens than passive ones. This cost hierarchy persists
on class-level generation, where navigation costs reach $1.47 per task with premium models.
While enhanced toolkits can mitigate costs, the navigation paradigm’s multi-invocation nature
creates substantial monetary expenses and context window risks that challenge large-scale
deployment.

4.3 RQ3: ContextQuality
To answer RQ3, we evaluate the quality of the context generated by each paradigm using our

proposed Dependency Collection Rate (DCR) metric, which measures the proportion of cross-file,
ground-truth dependencies that are successfully captured by the context engineering strategy. We
report DCR on the function-level benchmarks, where ground-truth dependencies are captured by
instrumenting individual function test cases at runtime. For class-level tasks, the ground-truth
dependency set becomes the union of all methods runtime invocations, producing a substantially
larger denominator that makes DCR values incomparable with function-level results. We therefore
leave class-level DCR analysis to future work.
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(c) NavPlus paradigm.
Fig. 4. DCR on DevEval and CoderEval.

Our analysis, presented in Figure 4, reveals significant differences in the ability of each paradigm
to collect relevant dependencies. Similarity-based ICL methods consistently achieve the lowest
DCR scores, ranging from 33.9% to 38.6% across different retrieval strategies. This result confirms
our hypothesis: these methods optimize for syntactic or semantic similarity to retrieve demonstration
examples, not dependency completeness. While retrieved examples may occasionally contain required
function definitions through lexical overlap, this occurs incidentally rather than systematically.
The retrieved code snippets typically lack the specific cross-file dependencies needed to resolve the
target task’s requirements.
In contrast, Static Analysis methods demonstrate substantially higher dependency collection

capability. The comprehensive SAFile approach achieves the highest DCR among passive methods at
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80.9%, while the more targeted SAMethod reaches 76.2%. However, static analysis faces fundamental
limitations that prevent further improvement. Beyond its inability to resolve runtime behaviors,
static analysis struggles when dependencies are co-located with the target generation context
within the same file or module, where local context may lack sufficient semantic signals for depen-
dency identification. This limitation is particularly pronounced in dynamically-typed languages
such as Python, where duck typing and the absence of mandatory type annotations mean that
some dependencies cannot be traced through import statements or explicit type signatures. In
statically-typed languages like Java, strict type declarations and interface contracts would provide
stronger semantic signals for dependency resolution, potentially narrowing the gap between SA
and navigation-based approaches.
Navigation-based paradigms exhibit strong model-dependent variation. NavRaw ranges from

33.5% DCR with Llama-3.3 to 73.2% with Claude 4 Sonnet, as weaker models struggle to explore
repositories systematically with basic text-based tools. When equipped with powerful tools (e.g.,
find_definition), NavPlus improves across all models: even Llama-3.3 reaches 42.0% DCR, while
the strongest models reach 76.8%. This confirms that well-designed tools can compensate for model
limitations in dependency discovery.

To further validate DCR as a context quality metric, we analyze the correlation between DCR and
Pass@1 across all method-model configurations. The Spearman rank correlation coefficient is 𝜌 =
0.78 (𝑝 < 0.001), confirming a statistically significant positive relationship. However, the moderate
correlation strength indicates that definition coverage alone does not fully explain performance
differences, motivating the deeper analysis of what navigation agents acquire beyond dependency
definitions. By design, the three adapted baselines employ the same core retrieval or exploration
mechanisms as their paradigm counterparts, and their DCR scores follow the same patterns.

Finding 6: Static Analysis and NavPlus demonstrate superior structural dependency collection,
with DCR scores reaching 80.9% and 76.8% respectively. Similarity-based ICL proves ineffective for
dependency retrieval, achieving only 33.9-38.6%DCR. Context quality extends beyond dependency
coverage alone, as navigation-based approaches with powerful models can outperform higher-
DCR static analysis methods through implicit knowledge acquired during repository exploration.

We conduct a context composition analysis to inves-
tigate this gap. For eachmethod, we classify the code
fragments in its constructed context into three mu-
tually exclusive categories based on ground-truth
dependencies (identified via test-case instrumenta-
tion, consistent with DCR): definition context, con-
taining the syntactic definition of at least one depen-
dency; reference context, containing call-site invoca-
tions of a dependency but no dependency definition;
and other, containing neither. When a fragment con-
tains both, we assign it to definition, as this dimen-
sion is already captured by DCR.

Fig. 5. Context composition by paradigm.

As shown in Figure 5, the four methods exhibit strikingly different compositions. SAMethod
consists of 88% definition context with only 5% reference, confirming that import-based resolution
locates definitions but does not search for where dependencies are called. ICLBM25 is dominated by
68% other content, reflecting similarity-based retrieval’s inability to target structural dependencies.
Among navigation agents, NavPlus acquires 28% reference context while NavRaw achieves only 7%,
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with 58% of its context consumed by exploration overhead from coarse-grained tools. This contrast
isolates find_references as the mechanism driving reference acquisition.

Finding 7: Context quality comprises two complementary dimensions: definition coverage (mea-
sured by DCR) and reference coverage (call-site usage patterns). NavPlus acquires 28% reference
context through find_references, while SAMethod contexts consist of 88% definitions and only
5% references. On the tasks where NavPlus outperforms SAFile despite lower DCR, the decisive
factor is context composition rather than volume. Future context engineering methods should
explicitly target both dimensions.

5 Discussion
5.1 Threats To Validity

A threat to construct validity arises from our specific implementations of the context engineering
paradigms. The performance we measure could be an artifact of our implementation choices
rather than the inherent properties of the paradigms themselves. To mitigate this, we did not rely
on a single implementation per paradigm. Instead, we implemented ten representative variants
based on foundational principles from the literature, including three adapted from established
tools [32, 62, 65]. By including both our own implementations and adapted prior work within
each paradigm, we bracket the design space: consistent trade-offs across variants with different
engineering origins confirm that our findings reflect inherent paradigm characteristics rather than
implementation artifacts.

5.2 Implications
Based on the findings we conclude in Section 4, we provide some implications for researchers

who build AI Coding methods and practitioners who use LLMs in software development.

5.2.1 For AI Coding Researchers.
Conduct agent-specific training or alignment. The performance gaps across models highlight

thatmany LLMsweren’t specially aligned for systematic exploration.Models are normally optimized
for single-shot generation with reward signals that prioritize immediate correctness over iterative
discovery. Navigation paradigms require fundamentally different alignment objectives: rewarding
thorough exploration, penalizing premature termination, and valuing information-gathering steps
even when they don’t immediately produce code. This alignment mismatch explains why some
models perform well in direct generation, but fail in repository navigation.

Design task-specific code context engineering paradigm. The modest improvements from
similarity-based methods (3-8%) reveal that generic retrieval misses the trend. When models already
have substantial local context, they need functionally relevant code, not syntactically similar
examples. Future work should focus on retrieval strategies that understand task intent and code
dependencies rather than surface patterns. This means developing context selection methods that
consider what the model actually needs to complete the specific task, not what looks most similar.

Design powerful tools. Our evaluation reveals that tool quality fundamentally determines nav-
igation paradigm effectiveness. The dramatic improvement from NavRaw to NavPlus demonstrates
how well-designed tools can compensate for model limitations. This suggests integrating Language
Server Protocol (LSP) capabilities, which provide native code analysis infrastructure already de-
ployed in modern IDEs. Unlike our experimental tools, LSP servers offer tested go-to-definition,
find-references, and symbol resolution capabilities that can transform costly repository explo-
ration into efficient structural queries. Future navigation systems should leverage these existing
developer tools rather than reinventing code analysis from scratch.
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<Returned tree architecture>......

Tool: read_dir_tree
Parameter: {"path": "flow/"}

Tool: read_file
Parameter: {"file_path": ”./formatter.py"}

class ValidationError(Exception):

from flow.errors.base import ValidationError
from flow.errors.field import FieldError

Tool: read_file
Parameter: {"file_path": "flow/errors/base.py"}

class FieldError(ValidationError):

Tool: read_file
Parameter: {"file_path": "flow/handlers/validator.py"}

Task
Instruction:
The task is to collect the useful contexts to generate format_error.
Requirement: Implement format validation errors with appropriate 
prefixes, where errors should include the field name…
Signature: def format_error(error, short_usage):

* @param: error
* @param: include_trace

-- More attempts --

......

 
  

!""#0 &#*(15-6#
$%&%'()(&0 235-6#14*$,30 356789#&&7&>95-#l(/4=3:

(a) A simplified case study for NavRaw

<Returned error-related code from all files>
<code_1> <path_1>...

Tool: semantic_search
Parameter: {"query": "error classes validation exception"}

Tool: find_definition
Parameter: {"symbol": "FieldError", "project_root":"flow"} 

class FieldError(ValidationError):

Tool: find_references
Parameter: {"symbol": "FieldError", "project_root":"flow"} 

<usage of FieldError>

Collection finished. I gathered comprehensive context: (1) Error 
hierarchy revealed the base ValidationError class and its specialized 
subclasses (FieldError, TypeMismatchError) with their...

-- Finished with 3 attempts --

Task
Instruction:
The task is to collect the useful contexts to generate format_error.
Requirement: Implement format validation errors with appropriate 
prefixes, where errors should include the field name…
Signature: def format_error(error, short_usage):

* @param: error
* @param: include_trace

(b) A simplified case study for NavPlus
Fig. 6. A simplified case study

5.2.2 For Users (Developers).
Match paradigms to interaction modes. Our empirical analysis reveals a clear performance-

latency trade-off that maps to distinct developer workflows. Static analysis is the optimal default for
synchronous assistance (e.g., IDE-level code completion); it delivers competitive accuracy (within
around 4% of complex agents) at sub-second latency by efficiently capturing structural dependencies.
In contrast, navigation agents demonstrate superior effectiveness for asynchronous, code context
exploration-heavy tasks requiring seconds to minutes. This differentiation extends to the nature of
code context engineering: single-shot static analysis is sufficient for syntactic correctness, whereas
multi-step navigation is required to uncover the implicit knowledge (e.g., usage patterns) needed
for complex repository-level understanding.
Weigh cost against model capability.While navigation methods reach higher performance

ceilings, they incur 10-20x higher API costs (up to $1.47 per task). In real development environments
with hundreds of daily interactions, this adds up quickly. Crucially, our results indicate that this
investment yields returns only when paired with reasoning-strong models (e.g., Claude 4 Sonnet).
Weaker models often struggle with systematic exploration, leading to performance degradation
compared to passive code context engineering methods. Therefore, teams should prioritize passive
paradigms for cost-effective reliability, reserving navigation for genuinely complex problems where
both the model’s capability and the exploration depth justify the expense.

5.3 Case Study
To illustrate the navigation paradigm’s exploratory process, we examine a representative case

where agents investigate implementing the format_error function based on task requirement.
As shown in Figure 6(a), NavRaw begins with read_dir_tree to understand the repository

structure, discovering the errors directory alongside other modules. The agent then uses read_file
to examine the target function with the imports: ValidationError, FieldError. However, without
understanding how these classes are actually used, the agent cannot determine their significance.
It reads base.py to discover the ValidationError base class with basic error handling code. Next,
it examines field.py to find the FieldError subclass with field_name, but still lacks context
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about formatting. Finally, it continues reading files to discover usage patterns file by file, eventually
finding code that shows how field_name is used in actual error formatting after many steps.

In contrast, as shown in Figure 6(b), a NavPlus achieves the same understanding in just 3 focused
steps. It first uses semantic_search with the query “error classes validation exception” to imme-
diately discover the error related code, including ValidationError base class and FieldError
subclass. Next, it employs find_definition for FieldError to obtain precise structural informa-
tion, identifying the field_name attribute that enables field-specific formatting. Most crucially,
it then uses find_references for FieldError to see actual usage patterns across the codebase.
This reveals code like f"Field ’error.field_name’: error.message", immediately showing
the agent exactly how field-specific formatting should work and confirming the key information
needed to start summarizing code contexts.
To contrast with passive paradigms, we examine how SAFile handles the same task. By pars-

ing the target file’s imports, SAFile correctly resolves ValidationError and FieldError to their
source files and includes their complete definitions, achieving high DCR. However, SAFile cannot
discover how these classes are used elsewhere in the codebase, as it only follows import chains
rather than searching for call sites. The formatting pattern f"Field ’{error.field_name}’:
{error.message}", which reveals the expected output structure, resides in a file with no direct
import relationship to the target. This illustrates the fundamental limitation identified in Finding
7: SAFile excels at definition coverage but structurally cannot acquire the reference context that
NavPlus obtains through find_references.
As our findings reveal, it would be nearly impossible for passive paradigms to discover the

complex interdependencies and usage patterns required across large repositories. The case study
reinforces our finding that tool quality fundamentally determines navigation paradigm effectiveness.
This points out the future research direction of integrating more powerful tools and models specifi-
cally trained for systematic code exploration to maximize the potential of navigation paradigms
and ultimately move toward fully automated software development.

6 Related Works
Despite extensive research in repository-level code generation, existing evaluations of context

engineering approaches suffer from fundamental limitations about studying the individual con-
tributions. Most studies evaluate complete, multi-component systems rather than isolating the
effectiveness of specific context acquisition strategies. This section reviews the three dominant
paradigms and highlights the evaluation gaps that motivate our systematic study.

6.1 Similarity-Based In-Context Learning (ICL)
The most prevalent paradigm treats repositories as indexed knowledge bases, retrieving syn-

tactically or semantically similar code snippets as few-shot examples. Foundational works like
ReACC [36] and RepoCoder [66] established dual-encoder approaches, while subsequent research
refined retrieval mechanisms through reinforcement learning [54] or evolved query strategies [49].
Studies have explored what constitutes effective examples [15], with some finding in-file con-
text more beneficial than cross-file similarities [18]. However, these evaluations typically evaluate
end-to-end system performance rather than isolating retrieval quality. Existing metrics focus on
downstream code generation success, providing no direct measure of whether retrieved examples
contain the necessary contextual information. Furthermore, most studies [15, 18] evaluate only
specific retrieval variants (e.g., BM25 vs. semantic), lacking comprehensive comparisons across
different paradigms.
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6.2 Static Analysis
A growing paradigm leverages program analysis to provide precise structural context derived

from codebase architecture. Early work like CoCoMic [13] used static tools to augment ICL, while
recent frameworks like DRACO [8] and SCLogger [30] build comprehensive dependency graphs. Ad-
vanced approaches like IDECoder [31] integrate IDE capabilities, and systems like RepoGraph [43]
create repository-wide structural representations. Yet evaluation of static analysis approaches faces
a critical limitation: the absence of ground-truth dependency baselines. Existing studies [31, 52] mea-
sure downstream performance improvements but cannot quantify how effectively these methods
capture the actual dependencies required for successful code generation. This evaluation gap makes
it impossible to understand whether performance differences stem from dependency coverage,
context presentation, or other factors.

6.3 Navigation-Based Paradigms
This paradigm reframes LLMs as autonomous agents that actively discover context through

repository exploration. Systems like SWE-Agent [62] and AutoDev [51] provide filesystem toolkits,
while advanced approaches like LocAgent [7] navigate pre-built structural graphs. Research has
explored cognitive architectures [3], self-correction mechanisms [58], and multi-agent collabora-
tion [21]. However, navigation paradigm evaluation suffers from the most severe confounding
factors. These systems involve complex interactions between LLM reasoning, tool design, and explo-
ration strategies, making it nearly impossible to isolate the contribution of the navigation approach
itself. Moreover, the multi-step, model-dependent nature of these agents introduces variability that
existing evaluations fail to systematically control for across different LLM capabilities.

6.4 Evaluation Gaps
Our literature review reveals three critical gaps: (i) Paradigm isolation: no study independently

compares all three paradigms under controlled conditions; (ii) Context quality measurement: ex-
isting metrics only evaluate downstream performance, lacking direct measures of efficiency and
context completeness or relevance; and (iii) Systematic LLM comparison: most evaluations miss
how paradigm effectiveness varies across different model capabilities. These gaps prevent the field
from understanding fundamental trade-offs between approaches and limit principled selection of
context engineering strategies for different scenarios.

7 Conclusion
In this paper, we present the first large-scale systematic empirical study comparing three foun-

dational paradigms of code context engineering for repository-level code generation. To address
the lack of comprehensive evaluation, we implement 10 representative methods, including three
adapted from prior work, and evaluate 8 state-of-the-art LLMs on 439 repository-level tasks from
execution-based benchmarks. We also introduce a new context quality metric DCR that quanti-
tatively measures the ability to identify and retrieve code dependencies. We provide actionable
implications based on our findings for AI coding researchers and software developers.
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Data Availability
We have made our corrected dataset, all 10 designed and implemented code context engineering

methods and benchmarking framework publicly available: https://github.com/YichenLi00/CCE.
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