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Abstract

Large language models (LLMs) have rapidly
advanced the state of code generation, evolving
from prompt-based function synthesis to iter-
ative, execution-guided, and agentic software
engineering systems. While recent progress
has led to impressive benchmark results, the
growing diversity of methods and evaluation
settings has also introduced fragmentation and
ambiguity in how capabilities are assessed
and compared. In this survey, we present a
unified view of LLM-based code generation
from the perspective of inference-time rea-
soning and interaction. We organize exist-
ing methods according to how LLMs struc-
ture generation, incorporate feedback, and
interact with execution environments, cover-
ing prompt-conditioned generation, language-
based self-refinement, execution-guided revi-
sion, and agentic code generation. We fur-
ther review representative benchmarks across
function-level, execution-grounded, repository-
level, and long-horizon agentic tasks, and an-
alyze how evaluation assumptions shape re-
ported performance. Our analysis highlights
fundamental limitations of test-based correct-
ness metrics, risks of data contamination, and
emerging challenges in evaluating iterative and
agentic systems. By connecting method de-
sign choices with evaluation protocols, this sur-
vey aims to clarify current progress, expose
open problems, and provide guidance for future
research on reliable and scalable LLM-based
code generation.

1 Introduction

Large language models (LLMs) have become a
central paradigm for automated code generation,
demonstrating strong performance on tasks rang-
ing from code completion and program synthesis to
bug fixing and repository-level software engineer-
ing. Early work largely framed code generation
as a single-shot conditional generation problem,
where a pretrained model directly maps natural

language descriptions or partial code context to ex-
ecutable programs, with progress driven primarily
by model scale and data coverage. Representative
systems include proprietary API models evaluated
on function-level benchmarks such as HumanEval
(Chen, 2021), as well as open-source code LMs
trained on large-scale corpora, including CodeGen
(Nijkamp et al., 2022), StarCoder (Li et al., 2023),
and Code Llama (Roziere et al., 2023).

Recent advances have shifted attention from
model capacity alone to inference-time strategies
that structure reasoning, incorporate feedback, and
enable interaction with external environments. In-
stead of producing code in a single pass, mod-
ern systems increasingly rely on iterative refine-
ment, feedback signals, and tool-mediated action
loops. Language-based self-refinement methods
improve initial generations through critique and re-
vision without executing code, such as Self-Refine
(Madaan et al., 2023) and Reflexion (Shinn et al.,
2023), while consistency- and rule-based verifica-
tion strategies, including Self-Consistency (Wang
et al., 2022) and Constitutional Al (Bai et al., 2022),
enhance robustness through diversified sampling
and policy-guided critique.

A parallel line of work grounds feedback in
program execution. Execution-guided approaches
leverage test results, compiler errors, or runtime
traces to guide iterative revision. AlphaCode (Li
et al., 2022) illustrates the effectiveness of large-
scale test-driven candidate generation and selection,
while subsequent methods explore finer-grained ex-
ecution feedback, including compiler- and runtime-
error repair (Chen et al., 2023), execution-guided
search (Ding et al., 2023), and execution trace aug-
mentation for debugging and program repair (Wang
et al., 2025; Haque et al., 2025; Shi et al., 2024).
These approaches move verification beyond purely
linguistic signals toward semantic grounding in
program behavior.

Beyond iterative generation and debugging, re-



cent work increasingly frames code generation as
an agentic process embedded in interactive envi-
ronments. Agentic systems integrate reasoning,
acting, and tool use over extended horizons, ex-
emplified by ReAct-style reason—act loops (Yao
etal., 2022), explicit tool-use training (Schick et al.,
2023), and open agent platforms operating in realis-
tic development environments (Wang et al., 2024).
At the repository level, agents are evaluated on
long-horizon software engineering tasks, giving
rise to benchmarks such as SWE-bench (Jimenez
et al., 2023), SWE-bench Pro (Deng et al., 2025),
GitTaskBench (Ni et al., 2025), and unified eval-
uation frameworks like SWE-Compass (Xu et al.,
2025). Multi-agent formulations further extend this
paradigm by decomposing software development
into role-specialized agents (Huang et al., 2023;
Hong et al., 2023).

In contrast, evaluation practices have not evolved
at the same pace. Function-level benchmarks with
unit-test—based metrics remain dominant due to
their simplicity and reproducibility, yet they cap-
ture only a narrow view of real-world programming
behavior. Execution-grounded benchmarks offer
stronger semantic validation but remain limited in
scope, while repository-level and agentic bench-
marks improve realism at the cost of increased
variance, implementation sensitivity, and evalua-
tion complexity (Jimenez et al., 2023; Deng et al.,
2025). Consequently, performance gains observed
under one evaluation setting often fail to translate to
others, complicating comparison across methods.

This survey aims to bring coherence to this field
by jointly examining method design and evaluation
practice from an inference-time perspective. Rather
than focusing on model architectures or pretrain-
ing strategies, we analyze how LLM-based code
generation systems differ in how they structure
reasoning, leverage feedback, and interact with ex-
ecution environments, and review representative
benchmarks spanning function-level, execution-
grounded, repository-level, and long-horizon agen-
tic settings.

2 Definition and Scope

This survey focuses on LLM-based code genera-
tion, a research paradigm in which large language
models serve as the primary reasoning and decision-
making component for programming tasks. To
ensure clarity and avoid scope creep, we provide
a concise definition and explicitly delineate the

boundaries of our discussion.

Definition. We define LLM-based code gen-
eration as methods that use a pretrained large lan-
guage model to generate, revise, or repair source
code from textual inputs, such as natural-language
specifications, partial code context, or both. The
defining characteristic of this paradigm is that the
model’s behavior at inference time is driven pre-
dominantly by language-based reasoning, option-
ally augmented with external feedback signals in-
cluding execution results, test outcomes, or tool
responses. Under this definition, code generation
extends beyond standalone function synthesis to en-
compass tasks such as code completion, bug fixing,
test generation, and repository-level code modifi-
cation, provided that the LLM remains the central
component guiding decisions and actions.

Scope of Methods. Our review emphasizes
inference-time strategies that enhance code gen-
eration without requiring changes to the underlying
model architecture or large-scale retraining. We
cover three broad classes of approaches: (i) prompt-
conditioned generation that produces code directly
from textual context, (ii) iterative refinement meth-
ods that leverage language-based or execution-
based feedback to improve outputs, and (iii) agentic
frameworks in which an LLM interacts with tools
and environments over multiple steps to accom-
plish complex programming objectives.

Evaluation and Exclusions. We consider evalu-
ation settings ranging from unit-test—driven bench-
marks to repository-level tasks that require itera-
tive debugging and long-horizon reasoning. At the
same time, we exclude classical program synthesis
techniques not centered on LLLMs, detailed model
architecture or pretraining studies, and purely non-
LLM software engineering tools. This position-
ing allows us to present a unified, LLM-centered
view of code generation methods while keeping the
scope focused and coherent.

3 Taxonomy of LLLM-based Code
Generation Methods

This section presents a literature-driven taxonomy
of LLM-based code generation methods, organized
by how large language models are used at in-
ference time to structure reasoning, incorporate
feedback, and interact with external environments.
We group prior work into four major families:
(i) prompt-conditioned generation, (ii) language-
based feedback and verification, (iii) execution-
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Figure 1: Taxonomy for LLM-based code generation, including verifier-centric verification, execution-trace
augmentation, and long-horizon agentic software engineering benchmarks.

guided generation and debugging, and (iv) agen-
tic and environment-interactive systems. For each
family, we adopt a unified analytical framework
consisting of four components: (1) core idea and
paradigm, (2) key design choices, (3) empirical per-
formance and promise, and (4) challenges and lim-
itations. This structure enables systematic compar-
ison across method classes and clarifies the trade-
offs underlying different design decisions.

3.1 Prompt-Conditioned Code Generation

Core Idea and Paradigm. Prompt-conditioned
methods frame programming as direct conditional
generation. Given a natural-language specification,
partial code context, or examples, the model pro-
duces code in a single forward pass. This family
covers both proprietary API models (e.g., Codex-

style systems evaluated on HumanEval (Chen,
2021)) and open code language models such as
CodeGen (Nijkamp et al., 2022), StarCoder (Li
etal., 2023), and Code Llama (Roziere et al., 2023).
The underlying assumption is that pretraining and
instruction tuning encode sufficient program pat-
terns to map specifications to correct implementa-
tions without explicit external feedback.

Key Design Choices. Design primarily cen-
ters on (i) prompt construction and context selec-
tion, (ii) alignment strategies that improve instruc-
tion following, and (iii) constraints that enforce
structure. Alignment-based variants incorporate in-
struction tuning and preference optimization (e.g.,
InstructGPT-style RLHF (Ouyang et al., 2022)),
while data-centric approaches leverage synthetic
instruction generation and iterative refinement of



prompts and tasks (Chung et al., 2024; Xu et al.,
2023; Luo et al., 2023). To reduce malformed out-
puts and improve interface adherence, another line
of work injects explicit constraints such as gram-
mar/regex/type restrictions (e.g., Outlines (Willard
and Louf, 2023)) or tool/function specifications
(e.g., ChatGPT-style tool interfaces (Achiam et al.,
2023)).

Performance and Promise. Prompt-
conditioned generation remains attractive
due to its simplicity and low inference cost. It
performs strongly on function-level synthesis and
completion tasks when benchmarks align with
training distributions and when prompts provide
adequate scaffolding. In practice, these methods
offer good latency-quality trade-offs for interactive
assistance, and instruction alignment substantially
improves usability and controllability.

Challenges and Limitations. The key limita-
tion is lack of grounded error awareness: the model
cannot reliably determine correctness, robustness,
or compliance with implicit constraints beyond the
prompt. As complexity increases, failures due to
underspecified requirements, hidden edge cases,
or inconsistent internal decisions become frequent.
Structural constraints can improve formatting and
reduce syntax errors but do not guarantee seman-
tic correctness, motivating methods that introduce
explicit feedback signals.

3.2 Self-Refinement and Language-Based
Feedback

Core Idea and Paradigm. Language-based feed-
back methods extend single-pass generation by
introducing an iterative loop where the model
critiques and revises its own outputs using nat-
ural language feedback. The model plays dual
roles: a generator producing candidate code and
a critic producing diagnostics (e.g., error hypothe-
ses, missing cases, alternative plans) that guide
subsequent revisions. Representative frameworks
include Self-Refine (Madaan et al., 2023) and
memory-augmented reflection methods such as Re-
flexion (Shinn et al., 2023).

Key Design Choices. Key choices include (i)
what feedback artifact to generate (critique, plan,
checklist, counterexamples), (ii) how to incorpo-
rate it (inline in the prompt, separated sections,
memory buffers), and (iii) the control policy for
iteration (fixed rounds vs. stopping heuristics).
A complementary direction improves reliability
through agreement and verification heuristics, such

as sampling-based self-consistency (Wang et al.,
2022) or rule/policy-guided critique (Bai et al.,
2022). Recent 2025 studies further foreground veri-
fication as a central concern and analyze when test-
like checking procedures help and when verifica-
tion strategies exhibit systematic failure modes (Ma
et al., 2025; Gureja et al., 2025).

Performance and Promise. Compared to
single-pass generation, self-refinement often yields
improvements in functional correctness and reason-
ing quality without additional training. It provides
a lightweight form of inference-time scaffolding
that can adapt to new tasks via prompting alone,
and it can be deployed even when code execution
is not available.

Challenges and Limitations. A fundamental
limitation is that language-only self-assessment can
be unreliable: critiques may be fluent yet incorrect,
and refinement can converge to polished but wrong
solutions. Iterative loops also exhibit diminishing
returns and can be sensitive to prompt format and
iteration budgets. Moreover, without grounding
in execution, the model may reinforce incorrect
assumptions, and verification procedures can be
brittle under distribution shift or adversarial edge
cases (Gureja et al., 2025).

3.3 Execution-Guided Code Generation

Core Idea and Paradigm. Execution-guided meth-
ods incorporate feedback from running the gener-
ated program, treating compilation results, runtime
errors, and test outcomes as objective signals for
revision. Instead of relying solely on linguistic cri-
tique, the model interprets observed failures and
proposes targeted code changes. This paradigm
aligns naturally with test-driven development and
debugging workflows.

Key Design Choices. Typical systems alternate
between generation and execution in a sandbox.
After an initial candidate is produced, the system
runs it, collects structured feedback (error mes-
sages, failing tests), and conditions the next gen-
eration step on this feedback. Some methods em-
phasize test-centric search and selection (e.g., Al-
phaCode’s generate-and-filter strategy (Li et al.,
2022)), while others focus on using error messages
for self-debugging (Chen et al., 2023) or integrat-
ing execution-guided search procedures (e.g., RAP-
style iterative repair/search (Ding et al., 2023)). A
notable 2025 trend is to expose richer execution sig-
nals such as execution traces or intermediate state
summaries, which can improve fault localization



and reduce trial-and-error edits (Wang et al., 2025;
Haque et al., 2025; Shi et al., 2024).

Performance and Promise. By grounding revi-
sions in program behavior, execution-guided meth-
ods often achieve substantial gains on test-based
benchmarks and can correct concrete implementa-
tion errors that language-only refinement misses.
Richer feedback (e.g., traces) can narrow the gap
between natural-language reasoning and program
semantics, improving diagnosis for non-trivial log-
ical bugs.

Challenges and Limitations. Execution feed-
back can still be sparse: a failing test indicates
incorrectness but may not reveal root cause. Mod-
els may therefore overfit to error messages or patch
symptoms. Repeated optimization against a fixed
test suite risks overfitting, yielding solutions that
pass tests without capturing intended semantics.
In addition, repeated execution increases compu-
tational overhead and complicates scaling to large
code scopes or evolving repositories, while trace-
based feedback raises practical questions about
summarization, context limits, and evaluation fair-
ness.

3.4 Agentic and Environment-Interactive
Code Generation

Core Idea and Paradigm. Agentic methods model
code generation as a long-horizon, interactive pro-
cess. Rather than generating code in isolation, the
system decomposes goals into sequences of actions
(e.g., searching a repository, editing files, running
tests, inspecting outputs) and iteratively updates its
plan based on observations. Language functions
both as the reasoning substrate and as the interface
for tool invocation.

Key Design Choices. Agentic systems differ in
(1) the tool/action space, (ii) how state is maintained
(conversation history, explicit memory, workspace
snapshots), and (iii) how control flow is imple-
mented (scripted controllers vs. model-driven deci-
sions). Classic reason-and-act prompting patterns
such as ReAct (Yao et al., 2022) operationalize
tool use, while training-based approaches such as
Toolformer (Schick et al., 2023) aim to internal-
ize tool invocation behavior. More recent systems
provide standardized environments for software
agents (e.g., OpenHands (Wang et al., 2024)), and
repository-level agents target real issue resolution
(e.g., SWE-agent (Yang et al., 2024)). Benchmark-
ing has rapidly evolved from SWE-bench (Jimenez
et al., 2023) toward more challenging 2025 evalua-

tions that emphasize long-horizon, realistic repos-
itory tasks (Deng et al., 2025; Ni et al., 2025; Xu
et al., 2025). Multi-agent frameworks further de-
compose software development into roles such as
planner, implementer, and reviewer (e.g., Agent-
Coder (Huang et al., 2023), MetaGPT (Hong et al.,
2023)).

Performance and Promise. By integrating
planning, tool use, execution, and verification,
agentic systems can tackle open-ended tasks that
exceed the scope of function-level synthesis, in-
cluding multi-file changes and repository naviga-
tion. They represent a practical pathway toward
more autonomous development assistants and of-
fer a flexible umbrella for combining prior ideas
(self-refinement, execution feedback, verification)
within a single interactive loop.

Challenges and Limitations. Greater autonomy
introduces compounding errors, difficult credit as-
signment, and high variance across runs. Perfor-
mance is sensitive to prompts, tool interfaces, and
environment configuration, raising reproducibility
concerns. Evaluation is also harder: benchmarks
must avoid leakage and measure semantic correct-
ness beyond superficial test passing. Finally, agen-
tic systems incur substantial computational cost
and safety risks due to tool access, requiring care-
ful sandboxing, permissioning, and monitoring for
deployment.

4 Evaluation of LLM-based Code
Generation

Evaluation is a critical factor in understanding the
progress and limitations of LLM-based code gener-
ation systems. As summarized by the benchmarks
in Table 1, existing evaluations span a wide range
of task settings, from unit-test—driven function syn-
thesis to repository-level and agentic software en-
gineering tasks. These settings differ not only in
scale and realism, but also in the assumptions they
make about specification completeness, execution
feedback, and interaction horizon. In this section,
we review common evaluation settings, examine
the metrics they employ, and discuss challenges
that arise when assessing modern LLM-based code
generation methods.

4.1 Evaluation Settings and Task Granularity

Most widely used benchmarks, such as HumanEval,
MBPP, MultiPL-E, and BigCodeBench, evaluate
code generation at the function level. In this setting,



Benchmark Size Code Language(s)  Primary Evaluation Focus

HumanEval(Chen, 2021) 164 Python Unit-test correctness for short functions (Pass@1 / Pass @k)
MBPP(Austin et al., 2021) 974 Python Introductory Python tasks; basic logic and unit-test correctness
MultiPL-E(Boruch-Gruszecki et al., 2025) ~18K 18 languages Cross-language unit-test correctness and semantic equivalence
BigCodeBench(Zhuo et al., 2024) ~1,100 Python Complex function synthesis; multi-step reasoning and API usage
APPS(Hendrycks et al., 2021) ~10K Python Algorithmic programming tasks with test-based evaluation
DS-1000(Lai et al., 2023) 1,000 Python Data-science code generation with real-world library usage
LiveCodeBench(Jain et al., 2024) ~300 Python Execution-grounded code generation with dynamic tests
CodeXGLUE(Lu et al., 2021) 14 Multiple Multi-task evaluation: generation, repair, translation, understanding
CodeScope(Yan et al., 2024) ~1,000 40+ languages Execution-based correctness across diverse languages
SWE-bench Verified(Jimenez et al., 2023) 500 Python Repository bug fixing evaluated by CI tests

SWE-bench (Full)(Jimenez et al., 2023) 2,294 Python Multi-file repository issues evaluated via CI

SWE-Bench Pro(Deng et al., 2025) ~1,000 Python Hard repository fixes with reduced benchmark leakage
GitTaskBench(Ni et al., 2025) ~1,500 Python Agentic repository tasks with iterative explore—edit—test loops
SWE-Compass(Xu et al., 2025) ~2,000 Python Unified evaluation for agentic software engineering systems
Long Code Arena(Bogomolov et al., 2024) 6 suites Project-dependent Long-context reasoning over multi-file codebases

Table 1: Representative benchmarks for LLM-based code generation.

models are given a well-defined specification and
correctness is assessed via unit tests. Function-
level evaluation is attractive due to its simplicity,
low computational cost, and reproducibility, and it
aligns naturally with prompt-conditioned and self-
refinement methods. As a result, it remains the
dominant evaluation paradigm for measuring basic
functional correctness and reasoning ability.

However, function-level benchmarks abstract
away many aspects of real-world programming.
They assume that specifications are complete, rel-
evant context fits within a single prompt, and cor-
rectness can be captured by a fixed set of tests.
Benchmarks such as APPS and DS-1000 partially
increase task complexity by emphasizing algorith-
mic reasoning or real-world library usage, yet still
operate within a single-file or single-function ab-
straction.

Execution-grounded benchmarks, including
LiveCodeBench and CodeScope, relax some of
these assumptions by evaluating generated code
through actual execution, often across dynamic or
multi-language settings. These benchmarks bet-
ter reflect the interaction between natural language
reasoning and program semantics, but they remain
limited in scope and typically do not require persis-
tent state or long-horizon planning.

Repository-level benchmarks, such as SWE-
bench and its variants, further expand task gran-
ularity by evaluating whether a system can resolve
real software issues through multi-file edits and
continuous integration tests. While these bench-
marks improve ecological validity, they also intro-
duce additional complexity related to environment
setup, dependency management, and test nonde-
terminism. Agentic benchmarks, including Git-
TaskBench, SWE-Compass, and Long Code Arena,
extend evaluation to long-horizon, tool-using sce-
narios, where success depends on planning, explo-

ration, and iterative interaction rather than a single
generation step.

4.2 Correctness Metrics and Their
Limitations

Across most benchmarks in Table 1, correctness is
primarily measured using test-based metrics, such
as pass@k or task-level success. These metrics
provide a clear and objective signal, particularly for
function-level and execution-grounded benchmarks
where tests are carefully curated. They also align
well with execution-guided methods that explicitly
optimize against runtime feedback.

Nevertheless, test-based metrics have well-
known limitations. Passing a finite test suite does
not guarantee semantic correctness, robustness to
unseen inputs, or adherence to implicit require-
ments. In iterative or execution-guided settings,
models may overfit to available tests, producing
solutions that satisfy the evaluation harness with-
out implementing the intended logic. This risk
increases when public or partially overlapping tests
are reused across attempts.

Moreover, binary success metrics collapse rich
behavioral differences into a single outcome. For
repository-level and agentic benchmarks, partial
progress—such as correctly identifying relevant
files, reducing failing tests, or converging toward a
fix—is often informative but typically not reflected
in final scores. This lack of granularity complicates
failure analysis and obscures differences between
systems that vary in reasoning quality rather than
final success alone.

4.3 Data Contamination and Temporal
Generalization

Data contamination poses a significant challenge
for evaluating LLM-based code generation. Many
benchmarks, especially those based on publicly



available problems or repositories, risk overlap
with model pretraining data. This issue undermines
the interpretation of reported results and makes it
difficult to distinguish genuine generalization from
memorization.

Recent benchmarks have attempted to address
this concern by emphasizing temporal generaliza-
tion, drawing tasks from time periods that post-
date the training data of evaluated models. While
this approach improves evaluation fidelity, it in-
troduces practical challenges, including maintain-
ing up-to-date benchmarks and verifying training
cutoffs. Furthermore, temporal separation alone
does not eliminate all forms of leakage, particu-
larly when tasks resemble common programming
patterns.

These concerns are especially pronounced for
large, closed-source models with undisclosed train-
ing data. In such cases, benchmark results should
be interpreted cautiously, and complementary anal-
yses—such as sensitivity to prompt perturbations
or robustness to minor task variations—can provide
additional evidence of true reasoning capability.

4.4 Evaluation of Iterative and Agentic
Systems

Evaluating iterative and agentic code generation
systems introduces challenges that are not captured
by traditional benchmarks. Agentic evaluations
often involve stochastic decision-making, variable-
length trajectories, and interaction with external
tools or environments. Consequently, performance
can be highly sensitive to retry budgets, stopping
criteria, tool availability, and sandbox configura-
tion.

A central difficulty is credit assignment. When
success or failure occurs after many steps, it is
unclear which decisions or components were re-
sponsible. This complicates scientific analysis
and hinders fair comparison between methods.
Additionally, differences in system implementa-
tion details—often under-specified in published
work—can substantially affect results, reducing
reproducibility across studies.

Designing agentic benchmarks therefore re-
quires balancing realism and controllability. Highly
realistic environments improve ecological valid-
ity but introduce noise and nondeterminism, while
overly simplified settings may fail to stress the capa-
bilities that agentic methods are intended to demon-
strate. Identifying evaluation protocols that strike
this balance remains an open research problem.

4.5 Cost, Efficiency, and Budget-Aware
Reporting

As code generation methods become more iterative
and agentic, inference cost and efficiency emerge
as essential evaluation dimensions. Reporting only
success rates without accounting for computational
budget can be misleading, particularly when gains
are achieved through extensive sampling, repeated
execution, or long agent trajectories.

Budget-aware evaluation, which reports perfor-
mance as a function of inference cost or constrains
systems to a fixed budget, provides a more realistic
assessment of practical utility. Such reporting is
especially important for repository-level and agen-
tic benchmarks, where modest improvements in
success rate may require disproportionately large
increases in compute. Transparent cost accounting
enables meaningful comparison between methods
and highlights trade-offs between accuracy, latency,
and scalability.

5 Open Problems and Future Directions

Despite rapid progress in LLM-based code gener-
ation, existing methods and evaluation protocols
expose a set of persistent challenges that are un-
likely to be resolved through model scaling alone.
In this section, we highlight several open prob-
lems and outline promising directions for future
research, with an emphasis on inference-time rea-
soning, agentic behavior, and evaluation fidelity.

5.1 Specification Ambiguity and Alignment

A fundamental open problem in LLM-based code
generation is the ambiguity of natural language
specifications. Many programming tasks are un-
derspecified, omit corner cases, or rely on implicit
assumptions that are obvious to human developers
but not explicitly stated. Current methods typically
assume that the given prompt fully captures the in-
tended behavior, leading models to make unverified
assumptions that propagate through generation and
refinement loops.

Future research may explore mechanisms for
interactive specification clarification, where mod-
els actively identify ambiguities and query users
or auxiliary systems before committing to an im-
plementation. Another promising direction is the
integration of lightweight formal or semi-formal
constraints that can coexist with natural language,
providing anchors for alignment without requiring
full formal specifications.



5.2 Robustness Beyond Test Suites

While execution-guided and agentic methods have
improved test pass rates, robustness beyond the
available test suite remains largely unaddressed.
Passing tests does not guarantee correct behavior
under distribution shift, adversarial inputs, or evolv-
ing requirements. Moreover, iterative optimization
against a fixed set of tests can encourage brittle
solutions that exploit test artifacts. Addressing this
challenge may require richer forms of behavioral
evaluation, such as randomized or adversarial test
generation, metamorphic testing, or specification-
based fuzzing. Incorporating uncertainty estima-
tion into code generation, where models explicitly
signal low-confidence regions of the implemen-
tation, could also guide targeted verification and
reduce overconfidence in fragile solutions.

5.3 Inference-Time Learning and Adaptation

Most current methods treat inference as a static
process: the model reasons, receives feedback, and
revises outputs, but does not retain lasting knowl-
edge beyond the current task. This limits the ability
of systems to adapt to recurring patterns, project-
specific conventions, or repeated failure modes en-
countered across tasks. A key future direction is
inference-time learning, where systems accumu-
late and reuse experience without full retraining.
This may involve persistent memory of past fixes,
reusable debugging strategies, or learned heuris-
tics for tool selection. Designing such mechanisms
raises questions about stability, generalization, and
forgetting, and challenges existing distinctions be-
tween training and inference.

5.4 Credit Assignment in Long-Horizon
Agentic Systems

As agentic code generation systems operate over
longer horizons, understanding why a system suc-
ceeds or fails becomes increasingly difficult. Credit
assignment across multi-step trajectories remains
an open problem, hindering both method improve-
ment and scientific analysis. Without clear attribu-
tion, it is challenging to diagnose failure modes,
compare systems fairly, or provide meaningful ex-
planations to users.

Future work may draw inspiration from rein-
forcement learning and causal analysis to develop
interpretable abstractions of agent behavior. In-
termediate metrics that capture progress toward a
goal, rather than binary success, could offer more

informative signals. Additionally, structured de-
composition of tasks into verifiable subgoals may
improve both controllability and interpretability.

5.5 Safety, Governance, and Responsible
Deployment

Finally, as LLM-based code generation systems
gain autonomy and access to execution environ-
ments, safety and governance considerations be-
come increasingly important. Risks include unin-
tended execution of harmful commands, leakage
of sensitive information through prompts or reposi-
tories, and over-reliance on automated fixes with-
out adequate human oversight. Future research
should explore sandboxing, permission systems,
and human-in-the-loop designs that balance auton-
omy with control. Transparent reporting of system
capabilities and limitations, along with clear failure
documentation, will be essential for responsible de-
ployment. Addressing these concerns is not only
a technical challenge but also a prerequisite for
widespread adoption of LLM-based code genera-
tion in safety-critical domains.

6 Conclusion

This survey reviewed LLM-based code genera-
tion from an inference-time perspective, highlight-
ing how recent progress increasingly arises from
structured reasoning, feedback integration, and
environment interaction rather than model scal-
ing alone. By organizing existing methods into
prompt-conditioned, self-refinement, execution-
guided, and agentic approaches, we clarified their
relationships and the trade-offs underlying their
empirical performance.

We argued that evaluation practices play a cen-
tral role in shaping perceived progress. While
function-level benchmarks remain useful, they are
insufficient for assessing iterative and agentic sys-
tems. Issues such as test overfitting, data contami-
nation, cost sensitivity, and reproducibility under-
score the need for evaluation protocols that better
reflect task complexity and inference dynamics.

Looking forward, advancing LLM-based code
generation will require more faithful evaluation, im-
proved robustness beyond fixed test suites, and prin-
cipled handling of long-horizon interaction. We
hope this survey provides a coherent framework for
understanding current methods and informs future
work toward reliable and scalable code generation
systems.



Limitations

This survey has several limitations. First, our taxon-
omy and analysis focus on inference-time strategies
for LLM-based code generation, intentionally de-
emphasizing model architecture design, pretraining
data curation, and optimization techniques. While
this perspective highlights an important and rapidly
evolving dimension of the field, it does not fully
capture advances driven by large-scale training or
model-specific innovations, which may interact
with inference-time methods in nontrivial ways.

Second, our coverage of benchmarks and eval-
uation protocols reflects the current state of pub-
licly available datasets and reported results. As
many benchmarks evolve rapidly and new evalu-
ation settings continue to emerge, some recently
released datasets or unpublished systems may not
be fully represented. In addition, reported perfor-
mance comparisons across benchmarks are subject
to differences in experimental setups, inference
budgets, and implementation details, which lim-
its the extent to which conclusions can be directly
generalized.

Third, the analysis relies on benchmark-driven
evidence, which may not fully reflect real-world
deployment scenarios. Benchmarks often sim-
plify task specifications, constrain environments,
or assume well-defined success criteria, whereas
practical software development involves ambiguity,
evolving requirements, and human-in-the-loop de-
cision making. Consequently, conclusions drawn
from benchmark performance should be interpreted
as indicative rather than definitive measures of prac-
tical capability.

Finally, as a survey, this work synthesizes and
interprets existing literature rather than proposing
new methods or evaluation protocols. While we
aim to provide a coherent framework and iden-
tify open challenges, the effectiveness of future
approaches will ultimately depend on empirical
validation in diverse and realistic settings.

Al Disclosure

This work was completed with the assistance of
large language models (LLMs) used as a writing
and editing aid. Specifically, LLMs were employed
to help improve clarity, organization, and concise-
ness of the text, as well as to refine grammar and
presentation. All technical content, interpretations,
analyses, and conclusions were conceived, verified,
and finalized by the authors.
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