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Abstract
Large Language Models (LLMs) often generate code with subtle but
critical bugs, especially for complex tasks. Existing automated re-
pair methods typically rely on superficial pass/fail signals, offering
limited visibility into program behavior and hindering precise error
localization. In addition, without a way to learn from prior failures,
repair processes often fall into repetitive and inefficient cycles. To
overcome these challenges, we present TraceCoder, a collaborative
multi-agent framework that emulates the observe-analyze-repair
process of human experts. The framework first instruments the
code with diagnostic probes to capture fine-grained runtime traces,
enabling deep insight into its internal execution. It then conducts
causal analysis on these traces to accurately identify the root cause
of the failure. This process is further enhanced by a novel Historical
Lesson Learning Mechanism (HLLM), which distills insights from
prior failed repair attempts to inform subsequent correction strate-
gies and prevent recurrence of similar mistakes. To ensure stable
convergence, a Rollback Mechanism enforces that each repair iter-
ation constitutes a strict improvement toward the correct solution.
Comprehensive experiments across multiple benchmarks show that
TraceCoder achieves up to a 34.43% relative improvement in Pass@1
accuracy over existing advanced baselines. Ablation studies verify
the significance of each system component, with the iterative repair
process alone contributing a 65.61% relative gain in accuracy. Fur-
thermore, TraceCoder significantly outperforms leading iterative
methods in terms of both accuracy and cost-efficiency.

CCS Concepts
• Software and its engineering→ Software creation and man-
agement; Software verification and validation; •Computingmethod-
ologies→Multi-agent systems; Natural language processing.
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1 Introduction
Large Language Models (LLMs) [3, 32, 36] have become increas-
ingly powerful tools for software engineering tasks such as code
generation [8, 13, 30], code summarization [11, 12, 37], and program
transformation [44]. Despite their impressive capabilities, LLMs of-
ten generate code that contains subtle yet critical bugs—particularly
in complex or logic-intensive scenarios [6, 17]. This challenge has
given rise to an emerging research direction focused on the auto-
mated repair of LLM-generated code, aiming to improve the reliabil-
ity, correctness, and usability of LLM-assisted development [8, 33].

Recent work in this emerging area has explored diverse strategies
for repairing LLM-generated code [50]. These include using Chain-
of-Thought (CoT) [43] prompting to guide repair reasoning [48],
leveraging natural language as an intermediate representation for
debugging [52], integrating statistical fault localization to improve
fault awareness [10, 45], proposing end-to-end multi-agent synergy
for unified debugging [25], and fine-tuning LLMs for bug fixing [16].
Other approaches refine localization via token-level reasoning [14]
or auxiliary fault-identification modules [23].

However, most existing self-correctionmethods operate as “black-
boxes”, relying solely on pass/fail feedback from a test suite. This
approach, which lacks insight into the program’s internal execu-
tion, suffers from significant limitations. As illustrated in Figure 1,
a simple execution-feedback model can easily fall into a degenera-
tive cycle. In Round 1, deprived of detailed runtime information
about why a test failed, LLMs may make incorrect assumptions
and apply faulty patches. This results in previously correct func-
tionality being broken—referred to as Performance Degradation.
Subsequently, in Round 2, the model may get stuck in a loop of
incorrect local patches, leading to Fixation & Stagnation, where it
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assert f('MON') == 6

assert f('WED') == 4 

assert f('SUN') == 0

Given is a string s representing the day of the week
today. s is one of SUN, MON, TUE, WED, THU, FRI,
or SAT. After how many days is the next Sunday
(tomorrow or later)?

 # UNIT TESTS 
# (EXECUTABLE) 
assert f('MON') == 6 
assert f('WED') == 4 
assert f('SUN') == 7

Problem description

When entering 'SUN', the
program returns 0, but the
expected output is 7.

def f(s):
    days = ['SUN', 'MON', 'TUE', 'WED', 'THU', 'FRI', 'SAT']
    return (7 - days.index(s)) % 7

def f(s):
    days = ['SUN', 'MON', 'TUE', 'WED', 'THU', 'FRI', 'SAT']
    # Incorrect modification of core logic
    return (6 - days.index(s)) % 7

assert f('MON') == 5

assert f('WED') == 3 

assert f('SUN') == 6

def f(s):
    if s == 'SUN':
        return 7  # Hard coded repair
    days = ['SUN', 'MON', 'TUE', 'WED', 'THU', 'FRI', 'SAT']
    # Still using the incorrect logic from the previous step
    return (6 - days.index(s)) % 7

assert f('SUN') == 7

Oh, % 7 caused an issue when inputting 'SUN'. 
Perhaps I should adjust the calculation logic as a whole,
such as incorporating 7-... Change to 6- ... Give it a try?

The previous step was completely wrong. The feedback
is too complicated. I am still focusing on the issue of
'SUN', perhaps I can add a special judgment?

When entering 'Mon', the
program returns 5, but the
expected output is 6.
When .....

Round 1: Performance DegradationInitial Generation Round 2: Fixation & Stagnation

Performance Degradation: The repair broke
previously correct functionality.

assert f('MON') == 5

assert f('WED') == 3 

Stagnation & Looping: The model gets
stuck in a loop of incorrect patches,
unable to find the global solution.

When entering 'Mon', the
program returns 5, but the
expected output is 6.
When .....

Figure 1: Limitations of simple execution feedback. Without runtime insights, the model repeatedly applies local patches that
degrade the code’s correctness, causing it to loop between incorrect versions rather than converging to a correct global solution.

fails to diagnose the root cause and find the correct global solution.
This example highlights two fundamental limitations in current
LLM-based self-debugging methods: 1) they rely on binary final
execution results, ignoring the rich semantics in intermediate exe-
cution states, which leads to imprecise fault localization; and 2) they
adopt a stateless repair paradigm, unable to learn from historical
debugging knowledge to avoid repeating past mistakes.

To address these challenges, we propose TraceCoder, a multi-
agent collaborative automated debugging framework that emulates
the human debugging process. Grounded in established cognitive
models of expert debugging, which describe a cycle of informa-
tion gathering, hypothesis formation, and repair [31], TraceCoder
operationalizes this workflow through three specialized agents to
enhance modularity, reliability, and control. Specifically, the In-
strumentation Agent mirrors the information-gathering stage by
capturing fine-grained runtime traces. The Analysis Agent then
emulates hypothesis formation, performing causal reasoning on
these traces, informed by a novel Historical Lesson Learning Mech-
anism (HLLM) that learns from past failures. The Repair Agent
executes the resulting repair plan to modify the code. To ensure
stable convergence, a Rollback Mechanism (RM) reverts the sys-
tem to its last known correct state after any failed attempt. This
structured, human-inspired workflow establishes a cohesive and
interpretable debugging loop with a clear separation of concerns.

The proposed multi-agent collaborative automated debugging
architecture confers several distinct advantages. First, it enables
fine-grained runtime tracing, allowing the system to capture se-
mantically rich execution signals. Second, it facilitates experience-
informed repair decisions through historical learning, and ensures a
robust repair trajectory via integrated rollback and iterative repair
mechanisms. Furthermore, by decomposing the debugging task
into logically interpretable stages, TraceCoder enhances modular-
ity, explainability, and extensibility. We evaluate TraceCoder on
three widely used datasets, including BigCodeBench [53], ClassE-
val [9], and HumanEval+ [28], using diverse LLM backends. The

results show that TraceCoder consistently outperforms existing
automated debugging baselines, including Self-Debugging [5] and
INTERVENOR [41], measured by standard metrics such as Pass@1.
Notably, TraceCoder improves the Pass@1 accuracy in repairing
LLM-generated code, reduces redundant repair attempts, and en-
hances cost-efficiency, especially on complex programming tasks
where LLMs are most prone to failure.

In summary, this paper makes the following contributions:
• We present TraceCoder, a modular collaborative multi-agent
framework that emulates the human debugging workflow
to enable automated repair of LLM-generated code.
• We propose a novel HLLM that learns from prior failures to
inform subsequent repairs and prevent recurring mistakes.
• Comprehensive evaluations demonstrate that TraceCoder
substantially outperforms advanced baselines, achieving up
to a 34.43% relative improvement in Pass@1 accuracy on
challenging class-level code generation benchmarks.
• We release an open-source implementation of TraceCoder [47]
to support reproducibility and facilitate future research.

2 Related Work
2.1 Code Generation with LLMs
Recent advancements in LLMs have significantly propelled auto-
mated code generation. A growing body of work aims to improve
the quality, correctness, and controllability of the generated code.
For example, AMR-Evol [29] proposes a two-stage distillation frame-
work to enhance generation fidelity, while ARCHCODE [13] lever-
ages in-context learning to translate software requirements into
code and corresponding test cases. Empirical investigations, such
as DevGPT [20], reveal that LLM-generated code is often used for
prototyping or conceptual illustration, rather than deployment. To
support more rigorous evaluation, several benchmarks have been
introduced: DA-Code [18] focuses on agent-based workflows, Clas-
sEval [9] targets class-level programs with structural dependencies,
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and EvalPlus [28] augments test suites to thoroughly assess func-
tional correctness. On the algorithmic front, PG-TD [51] incorpo-
rates planning-guided decoding with lookahead search, while a self-
planning framework [19] decomposes intent into subgoals to im-
prove generation reliability. Despite these advances, most work fo-
cuses solely on improving generation itself, leaving post-generation
debugging comparatively underexplored. LLM-generated code still
frequently contains subtle logic errors that existing generation
pipelines cannot reliably detect or correct. This gap motivates our
work: we introduce a trace-driven, multi-agent framework that
leverages runtime evidence and iterative refinement to not only
diagnose but also systematically repair LLM-generated code.

2.2 Automated Program Repair
Automated Program Repair (APR) is a long-standing field in soft-
ware engineering focused on automatically fixing bugs in source
code. Traditional APR techniques often rely on search-based meth-
ods [24], which use genetic algorithms to evolve patches, or template-
based approaches [22], which apply predefined fix patterns. These
methods have been extensively evaluated on benchmarks like De-
fects4J [21], which contains real-world bugs from large-scale Java
projects. However, they often struggle with complex logical errors
that require a deep semantic reasoning about program behavior.

The advent of LLMs has opened new frontiers for APR. Recent
works such as RepairAgent [2] and ThinkRepair [48] leverage LLMs
to reason about bugs and synthesize human-like patches, often out-
performing traditional methods. These approaches typically adopt
an iterative feedback loop, where the model refines the code based
on test outcomes. For instance, Self-Debugging [5] uses simple
pass/fail signals, while INTERVENOR [41] employs a dual-agent
"teacher-learner" framework to guide the repair process. A closely
related work, AutoVerus [46], also uses a feedback loop for repair-
ing Rust programs but focuses specifically on resolving formal
verification errors, where feedback is structured and precise.

TraceCoder extends this line of work with three key distinctions.
First, while most methods rely on black-box test outcomes, Trace-
Coder leverages fine-grained runtime traces, providing white-box
visibility into program behavior for more precise fault localization.
Second, unlike AutoVerus, which targets formal verification, Trace-
Coder is designed for general-purpose code and unstructured test
feedback, a common and challenging scenario in practice. Most
importantly, our novel HLLM addresses an overlooked gap by en-
abling the system to learn from past failures, preventing repeated
mistakes and improving efficiency in repairing complex bugs.

2.3 LLM-Based Multi-Agent Systems
While monolithic LLMs have achieved strong performance across a
variety of tasks, they often struggle in scenarios requiring complex
strategic reasoning, iterative refinement, and dynamic adaptation.
Limitations such as fixed context windows and unidirectional gen-
eration hinder their ability to perform trial-and-error reasoning, re-
flect on prior work, or plan over long horizons [3, 43]. To overcome
these challenges, recent research has turned toward collaborative
multi-agent systems (MAS), where multiple role-specialized agents
interact to decompose complex problems and simulate human col-
laborative behavior [15, 42]. Systems such as AgentVerse [4] and

OpenDevin [39] demonstrate how agent-based collaboration, when
supported by robust communication protocols and task-aligned
workflows, can lead to emergent capabilities, achieving results that
surpass the performance of individual agents [35]. Advances in
multi-agent alignment [27], reflective reasoning mechanisms [1],
and agent-oriented planning strategies [26] further enhance relia-
bility across multiple rounds of iterative decision-making. However,
most MAS frameworks focus on task decomposition and static role
assignment, with limited support for integrating dynamic runtime
feedback or leveraging accumulated debugging history, both of
which are critical for effective automated program repair. We ex-
tend this line of work by introducing a multi-agent architecture
that fuses causal planning with collaborative repair to support
runtime-aware, history-informed, and self-correcting debugging.

3 Methodology
3.1 Overview
We introduce TraceCoder, a trace-driven automated debugging
framework that iteratively repairs LLM-generated code by emu-
lating expert debugging workflows, as illustrated in Figure 2. The
framework is organized around three specialized agents: the Instru-
mentation Agent inserts diagnostic probes to collect fine-grained
runtime traces; the Analysis Agent performs causal reasoning over
these traces to localize faults; and the Repair Agent synthesizes and
applies concrete code modifications. To guide this process, Trace-
Coder integrates the HLLM to learn from past repair failures, and
the RM to ensure stable convergence. When initial code fails its
test suite, these agents are activated and iterate until all tests pass
or a termination condition is reached.

3.2 Instrumentation Agent
The Instrumentation Agent is a core component of the proposed
framework, responsible for collecting dynamic execution informa-
tion. Its internal thought process involves lightweight reasoning over
previous execution failures and current instrumentation sugges-
tions to determine suitable probe locations. Based on this reasoning,
the agent inserts diagnostic print statements into the code to reveal
internal state transitions and control-flow behavior. These runtime
insights serve as essential evidence for downstream causal analysis
by the Analysis Agent. The Instrumentation Agent is invoked in
two scenarios: when the initial execution fails its test suite, or when
a subsequent repair attempt does not resolve the issue.

Its inputs are context-dependent, including: (1) the current code
(𝐶faulty) to be instrumented, (2) the most recent test failure feed-
back (𝐹error) from a failed repair attempt, and (3) optionally, a set of
fine-grained instrumentation suggestions (𝐼sugg) from the Analysis
Agent. By synthesizing this contextual information, the Instrumen-
tation Agent generates a new version of the code augmented with
diagnostic probes. The resulting instrumented code (𝐶inst) faithfully
preserves the original computational semantics but emits context-
aware debug logs during execution, providing valuable insights
into the program’s dynamic behavior. The core operation of the
Instrumentation Agent can be summarized as:

(𝐶faulty, 𝐹error, 𝐼sugg) → 𝐶inst (1)
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ExecutorProblem 

Repair code with plan

Repair 
Agent

LLM Code

Thought

1. Failure Analysis
2. Repair Plan Evaluation
3. Generate repaired code

Repaired 
Code

Executor

Pass

Error

1. Full repaired code
2. Repaired code part

Pass

Error

1. Repair plan
2. Repaired code part
3. Passed test case count
4. Error message

Analyze print feedback

1. Each error's root cause
2. Learn from Lesson Feedback
3. More suggestion about insert

Thought

Repair Plan

Lesson 
Record

1. Error repair plan
2. Passed test case count
3. Error repaired code part

Analysis 
Agent

Insert print statements

TraceRunner Runtime Trace Data

· Entry/exit of loops
· Key inputs
· Key outputs

Instrumented 
Code

Thought

1. Analyze insert suggestion
2. Analyze previous errors 
3. Add print statements

Instrumentation 
Agent

Multi-Agent Communication

Instrumentation
Suggestion

RMHLLM
TraceCoder① ② Test cases②①

Figure 2: Overview of TraceCoder’s workflow. 1○ An LLM generates an initial code solution. 2○ The code is executed and tested.
A multi-agent debugging loop—comprising the Instrumentation, Analysis, and Repair Agents—emulates expert debugging
behaviors by leveraging runtime tracing, HLLM, and RM to enable effective and stable repair. After each failed attempt, the
HLLM logs the outcome and informs the Analysis Agent’s strategy for the subsequent cycle.

The Instrumentation Agent employs a dedicated prompt that
directs the LLM to strategically insert diagnostic probes into the
faulty code. The prompt instructs the model to augment Python
functions with probes guided by the test failure feedback, revealing
both execution flow and key variable states. It explicitly encourages
failure-aware instrumentation by prioritizing regions relevant to
the observed failure, thereby avoiding indiscriminate logging and
enhancing both the efficiency and informational value of runtime
traces. To ensure consistency and effectiveness, the agent adheres
to four core principles:

• Logical Decomposition. The code is decomposed into dis-
tinct logical units, such as function bodies, branches, and
loops, that define the instrumentation scope.
• State and Control Traceability. Each unit is augmented
with print statements that log key inputs, outputs, and in-
termediate values. Entry and exit points of major blocks are
also traced to reveal control flow.
• Instrumentation Purity. Only non-invasive print state-
ments may be inserted. The agent must not modify computa-
tional logic, comment out code, or introduce new variables,
thus preserving semantic integrity.
• Readable and Structured Output. All logs must follow a
clean and structured format to facilitate downstream analysis
by both humans and automated tools.

Ensuring semantic preservation is critical for reliable instru-
mentation. Although formal guarantees of LLM behavior are in-
herently difficult, we enforce this constraint through strictly de-
signed prompts that prohibit any modifications to the program’s
logic, control flow, or data structures, allowing only the insertion of
‘print‘ statements. To assess the effectiveness of this enforcement,
we conducted an empirical validation study (Section 4.6.1), which
demonstrates a semantic preservation rate of over 99%.

After generating the instrumented code, the Instrumentation
Agent proceeds to the dynamic execution phase by submitting
the code and its associated test suite to TraceRunner, a custom
execution wrapper. TraceRunner performs controlled execution by
isolating runtime environments and capturing both diagnostic logs
and exception traces in a structured format. The resulting runtime
trace is forwarded to the Analysis Agent as a key diagnostic artifact,
enabling it to perform causal reasoning and plan targeted repair
actions for the next iteration.

3.3 Analysis Agent
The Analysis Agent diagnoses program failures by integrating run-
time traces and historical failure data. It performs context-aware
reasoning to identify root causes and derive actionable debugging
insights across iterations, producing two complementary outputs:
a repair plan for the Repair Agent and targeted instrumentation
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suggestions for the next debugging cycle. Formally, it operates on
a structured set of inputs:

• Original ProblemDescription (𝐷prob). A textual summary
of the program’s intended functionality and expected behav-
ior, serving as a semantic reference for diagnosis.
• Instrumented Code (𝐶inst). The latest version of the source
code augmented with diagnostic probes, generated by the
Instrumentation Agent for runtime behavior analysis.
• RuntimeTraceData (𝑇runtime). Fine-grained execution logs
captured by TraceRunner, including diagnostic outputs and
all recorded runtime errors or exceptions.
• Lesson Record (𝐿record). A structured log of all failed repair
attempts for the current problem, used to reflect on prior
reasoning and avoid repeated mistakes.

The diagnostic capability of the Analysis Agent is driven by a
structured thought process, implemented through a prompt-based
reasoning schema. This prompt guides the agent to: (1) analyze
runtime traces to identify the root cause of the error; (2) incorporate
historical insights via the HLLM to avoid repeated mistakes; and (3)
generate targeted instrumentation suggestions to guide future data
collection. This diagnostic workflow is implemented as a two-stage
procedure:

• Diagnosis and Reflection. The agent analyzes the Runtime
Trace Data to identify the root cause of failure, while con-
currently analyzing the Lesson Record to understand why
previous attempts were unsuccessful. This reflective process
enables the agent to learn from previously flawed reasoning
steps, not just surface-level code issues.
• Strategy Formulation. Based on its diagnosis, the agent
produces two complementary outputs: (1) Repair Plan (𝑃repair).
A proposed code modification plan passed to the Repair
Agent for implementation. (2) Instrumentation Suggestion
(𝐼sugg). Targeted guidance for the next debugging cycle, spec-
ifying where new probes should be inserted to verify the
repair or collect additional runtime signals if it fails.

This procedure is formalized as a function that maps diagnostic
inputs to actionable repair and instrumentation outputs:

(𝐷prob,𝐶inst,𝑇runtime, 𝐿record) → (𝑃repair, 𝐼sugg) (2)

3.4 Repair Agent
The Repair Agent serves as the primary executor in the TraceCoder
framework, responsible for translating high-level repair plans into
concrete code modifications. Its core function is to implement the
changes proposed by the Analysis Agent and participate in the feed-
back loop by reporting failure cases that guide future refinement.
To support this task, the Repair Agent operates on four key inputs:

• Original Problem Description. A complete textual speci-
fication of the programming task, providing semantic and
functional context for the intended behavior.
• Code to Be Repaired. The latest non-instrumented version
of the source code from the current iteration that failed
testing and still requires correction.

• Test Failure Feedback. Diagnostic feedback summarizing
test case failures, including observed outputs, error messages,
and assertion violations during execution.
• Structured Repair Plan. A detailed, step-by-step modifi-
cation strategy generated by the Analysis Agent, explicitly
specifying how the faulty code should be corrected.

The core mechanism of the Repair Agent centers on its interac-
tion with LLMs, guided by a carefully designed prompt that embod-
ies its internal thought process. This prompt defines the LLM’s role,
clarifies the repair objectives, and guides it to reason through the
task in a systematic and controlled manner. To fulfill its function,
the Repair Agent follows a structured three-step workflow:
• FailureAnalysis.The LLMfirst performs a detailed analysis
of the provided test failure feedback to precisely identify and
diagnose the root cause of the error.
• Repair Plan Evaluation. It then rigorously evaluates the
repair plan proposed by the Analysis Agent to assess whether
the suggested modifications are both logically sound and
sufficient to address the identified issue.
• Code Repair Execution. Finally, the LLM applies the vali-
dated repair plan to modify the code. This step requires strict
adherence to the specified changes to ensure the defect is
correctly resolved without introducing new errors.

To enhance the robustness and success rate of the repair process,
the instructional prompt provides the LLM with a controlled degree
of flexibility. If, after evaluating the repair plan, the LLM identifies
minor omissions that do not compromise the core strategy, it is
allowed tomake localized, minor codemodifications (e.g., correcting
a variable name or adjusting a boundary condition) that do not
contradict the core strategy of the Analysis Agent’s repair plan.
This ensures the issue can be effectively resolved while maintaining
high fidelity to the Analysis Agent’s intent. Formally, the operation
of the Repair Agent can be modeled as:

(𝐷prob,𝐶faulty, 𝐹error, 𝑃repair) → 𝐶repaired (3)

3.5 Multi-Agent Communication
The communication among TraceCoder’s agents follows a struc-
tured, sequential pattern, mediated by shared artifacts rather than
direct message passing. This design supports a disciplined, cyclical
repair process. When a repair cycle begins, the Instrumentation
Agent receives the faulty code along with its corresponding test
failure feedback. It produces an instrumented version of the code,
which is executed in the TraceRunner environment. The resulting
runtime traces serve as the primary input to the Analysis Agent.

The Analysis Agent integrates these traces with the original
problem description and historical repair experiences to diagnose
the root cause of failure. It generates two outputs: a detailed repair
plan for the Repair Agent, and instrumentation suggestions to guide
the Instrumentation Agent in subsequent iterations. This feedback
loop enables progressively refined analysis. Upon receiving the
repair plan, the Repair Agent applies the specified modifications,
and the new candidate solution is re-tested, initiating the next cycle.

This sequential, artifact-mediated communication model ensures
that each agent operates with well-structured, contextually relevant
information. We opt for this custom control loop over a dedicated
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multi-agent system (MAS) framework (e.g., AgentVerse) because
our workflow is linear and deterministic. For such a structured pro-
cess, a full-fledged MAS framework would introduce unnecessary
complexity and overhead without providing significant benefits.
Our direct approach maintains full control and enhances repro-
ducibility, which is crucial for scientific evaluation.

Importantly, after each failed repair attempt, the results are
logged into the HLLM, which distills summarized lessons and pro-
vides them back to the Analysis Agent in the subsequent itera-
tion. This mechanism closes the learning loop and enables history-
informed, progressively refined debugging.

3.6 Historical Lesson Learning Mechanism
A key component of TraceCoder is the HLLM, which addresses the
limitations of stateless repair by enabling the system to learn from
past failures. Inspired by the Trial-and-Error Learning Theory [40],
HLLM systematically records, retrieves, and reuses failed repair
attempts from prior iterations, referred to as Lesson Feedback, on
the same problem instance. This allows the Analysis Agent to avoid
previously ineffective reasoning paths and refine its diagnostic ap-
proach across repair cycles. By leveraging these historical insights,
HLLM improves debugging efficiency, reduces redundant attempts,
and increases correction success rates in complex scenarios. The
mechanism operates through the following three stages.

3.6.1 Lesson Record. Each time an iterative repair attempt fails to
pass all predefined test cases, the system automatically captures
key contextual information. This is recorded as an execution result
(𝐸result) and a detailed execution message (𝐸message). If the execu-
tion fails, this message contains the specific repair plan that was
attempted (𝑃repair), the resulting faulty code (𝐶repaired), the error
feedback from the failed execution (𝐹error), and the passed test case
count (𝑆passed). These records collectively constitute the Lesson
Feedback for the current specific problem.

3.6.2 Lesson Feedback. Before generating a new repair plan, the
Analysis Agent prompts the LLM to analyze the Lesson Record,
which aggregates all failure records for the current problem in-
stance. From this analysis, the LLM obtains a Lesson Feedback,
allowing it to avoid previously ineffective strategies and make more
informed repair decisions based on past diagnostic experiences.

3.6.3 Lesson-Informed Deliberation and Planning. The Analysis
Agent is explicitly guided, via its structured prompt, to conduct
deliberate reasoning over the retrieved Lesson Feedback before
generating a new repair plan. This process involves three key tasks:
• Diagnosing the root causes of previous repair failures to
understand why earlier strategies were ineffective;
• Summarizing recurring pitfalls or suboptimal repair patterns
identified across multiple failed attempts;
• Formulating a revised repair plan that aims to address prior
deficiencies and to explore alternative solutions.

To operationalize the synergy across the three stages, Algo-
rithm 1 illustrates the core workflow of the HLLM. As shown, the
algorithm processes a structured 𝐸message object, which encapsu-
lates the full context of a failed repair attempt. It then extracts
failure patterns from this context to synthesize structured lessons,
which in turn guide the formulation of subsequent repair strategies.

Algorithm 1 Historical Lesson Learning Mechanism
Require: Result of code execution, 𝐸result

Message of code execution, 𝐸message
The historical lesson record, 𝐿record_in

Ensure: The updated lesson record, 𝐿record_out
1: 𝐿record_updated ← 𝐿record_in
2: if 𝐸result is a failure then
3: Extract 𝑃repair from 𝐸message
4: Extract 𝐹error from 𝐸message
5: Extract 𝐶repaired from 𝐸message
6: Extract 𝑆passed from 𝐸message
7: new_record← (𝑃repair, 𝐹error, 𝐶repaired, 𝑆passed)
8: Add new_record to 𝐿record_updated
9: end if
10: 𝐿record_out ← 𝐿record_updated
11: return 𝐿record_out

3.7 Rollback Mechanism
To maintain both convergence and robustness throughout the it-
erative self-debugging process, TraceCoder incorporates the RM.
This mechanism serves as a critical strategy for state management
and recovery, designed to revert the system to a previously vali-
dated or superior state whenever a new repair attempt fails to yield
progress or introduces regressions. By doing so, RM prevents the
repair trajectory from deteriorating across iterations and anchors
the search process around the best-known solutions. The operation
of the RM is structured around the following two core procedures.

3.7.1 Key State Recording. Throughout the debugging process,
TraceCoder continuously tracks several key state variables to in-
form its decisions. It maintains a record of the historically best-
performing code so far (𝐶best), defined as the version that has
passed the greatest number of test cases. Its corresponding score,
the highest passed test count so far (𝑆best), is stored as the primary
performance benchmark. To detect significant regressions, Trace-
Coder also records the passed test count of the previous attempt
(𝑆previous). Finally, a stagnation counter (𝑘) is maintained to track
the number of consecutive attempts that have failed to improve the
best score.

3.7.2 Progress Evaluation and Decision-Making. Each time the Re-
pair Agent generates a new repair candidate (𝐶attempted), Trace-
Coder evaluates its performance by obtaining its passed test count
(𝑆attempted). This score is then compared against the historically best
score (𝑆best) and the previous attempt’s score (𝑆previous) to make a
decision, as formalized in Algorithm 2. The algorithm returns an
updated state tuple ⟨𝐶best_new, 𝑆best_new,𝐶next_base, 𝑘new⟩, where
𝐶next_base specifies the baseline code (either𝐶attempted or𝐶best) for
the subsequent repair cycle. The decision process operates through
three distinct scenarios.

• Improvement. If the new code passes more test cases than
the current best, it is promoted as the new historically best,
and the next iteration proceeds from it. The counter for
non-improving attempts is reset.
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• Stagnation or Regression. If the new code shows no im-
provement or performs worse, the system reverts to the
previously recorded best version for the next attempt.
• Prolonged Stagnation. If no progress occurs after several
iterations, the repair process is terminated to prevent wasted
computation and potential overfitting.

Building on the two core processes above, the decision logic of
the RM is formalized in Algorithm 2. It performs precise state man-
agement by quantitatively comparing the performance of the new
candidate against the historically best version, while monitoring for
repeated setbacks. This ensures that the repair process consistently
progresses toward an optimal solution.

Algorithm 2 Rollback Mechanism
Require: The latest attempted code, 𝐶attempted

The best-performing code so far, 𝐶best
The highest passed test count so far, 𝑆best
The passed test count of the previous attempt, 𝑆previous
The stagnation counter, 𝑘

Ensure: The decision: ⟨accept, continue, rollback⟩
The updated state: ⟨𝐶best_new, 𝑆best_new,𝐶next_base, 𝑘new⟩

1: Let 𝑆attempted be the number of tests passed by 𝐶attempted
2: Δ← 𝑆attempted − 𝑆best
3: if Δ > 0 then
4: 𝐶next_base ← 𝐶attempted // Promote new code
5: return ⟨accept, ⟨𝐶attempted, 𝑆attempted,𝐶next_base, 0⟩⟩
6: else if Δ = 0 then
7: 𝐶next_base ← 𝐶attempted // Continue with current
8: return ⟨continue, ⟨𝐶best, 𝑆best,𝐶next_base, 𝑘 + 1⟩⟩
9: else
10: if 𝑆attempted < 𝑆previous then
11: 𝐶next_base ← 𝐶best // Trigger Rollback
12: return ⟨rollback, ⟨𝐶best, 𝑆best,𝐶next_base, 𝑘 + 1⟩⟩
13: else
14: 𝐶next_base ← 𝐶attempted // Stagnation, keep trying
15: return ⟨continue, ⟨𝐶best, 𝑆best,𝐶next_base, 𝑘 + 1⟩⟩
16: end if
17: end if

4 Evaluation
This section presents four research questions addressed by Trace-
Coder and details the experimental setup, including datasets, base-
lines, evaluation metrics, and implementation details. We conduct
extensive experiments to answer these questions and provide a
comprehensive evaluation of TraceCoder’s effectiveness.

4.1 Research Questions
RQ1: How effective is TraceCoder at repairing LLM-generated

code compared to advanced automated repair methods?
RQ2: How do TraceCoder’s key hyperparameters affect its repair

performance and stability?
RQ3: What is the contribution of each core component to Trace-

Coder’s overall effectiveness?

RQ4: How does TraceCoder perform in practice, particularly com-
pared to sampling-based strategies, in terms of reliability,
cost efficiency, and failure modes?

4.2 Experimental Setup
4.2.1 Datasets. We conduct a comprehensive evaluation of Trace-
Coder on four widely adopted benchmark datasets: HumanEval [3],
HumanEval+ [28], BigCodeBench [53], and ClassEval [9]. The tasks
in HumanEval, HumanEval+, and BigCodeBench are at the func-
tion level, where the goal is to generate a single correct Python
function. HumanEval+ extends HumanEval with broader and more
robust test coverage. BigCodeBench offers a diverse set of realistic
function-level tasks emphasizing complex instruction following. By
contrast, ClassEval targets class-level code generation, evaluating
LLMs on object-oriented constructs such as inter-method depen-
dencies and class hierarchies. To mitigate test leakage, we ensured
that BigCodeBench was released after the knowledge cut-off date of
the evaluated LLMs, avoiding prior exposure during training.

4.2.2 Baselines. To validate its effectiveness, we compare Trace-
Coder with five representative baseline methods that reflect differ-
ent paradigms in LLM-based code generation and repair.

• Direct [3]: Generates code directly from the problem de-
scription without additional reasoning or planning.
• CoT [43]: Encourages the LLM to produce intermediate rea-
soning steps before code generation.
• Self-Planning [19]: Decomposes complex problems into a
series of subgoals, improving task structure and clarity.
• Self-Debugging [5]: Executes the generated code and uses
its execution results to iteratively refine the solution.
• INTERVENOR [41]: Improves repair accuracy by alternat-
ing LLM roles as learner and teacher, simulating human-like
interactions to produce a Chain-of-Repair.

4.2.3 Metrics. We evaluate functional correctness using the stan-
dard Pass@K metric [49], which measures the percentage of prob-
lems for which at least one of 𝑘 generated solutions passes all
benchmark test cases. In our experiments, we adopt the greedy
Pass@1 setting (𝑘 = 1), where only a single solution is evaluated
per problem. This stricter metric better reflects real-world devel-
opment scenarios, as developers typically do not sample multiple
candidates but rely on the top-1 generated solution.

4.2.4 Implementation details. We evaluate TraceCoder using three
representative LLMs:Gemini-2.5-flash-0417 [38],DeepSeek-V3-0324 [7],
and Qwen-Plus-2025-01-25 [34]. For any given run, a single LLM
is used consistently across all agents and the initial code gener-
ation module. To ensure result reproducibility, we adopt default
deterministic API configurations when invoking the models.

For a fair comparison, all baseline methods are implemented
using the same base LLMs and API parameters as TraceCoder. We
reproduce each baseline based on its official implementation or
prompt design. During initial code generation, all methods, includ-
ing TraceCoder, generate code based solely on the natural language
problem description; the test suite is used exclusively for verifica-
tion and feedback in subsequent repair stages. We limit all iterative
methods, including TraceCoder and the iterative baselines, to a

1101



ICSE ’26, April 12–18, 2026, Rio de Janeiro, Brazil Jiangping Huang, Wenguang Ye, Weisong Sun, Jian Zhang, Mingyue Zhang, and Yang Liu

maximum of 5 repair attempts. All generated code is executed and
evaluated in a unified Python 3.10 environment.

4.3 Performance Evaluation (RQ1)
To address RQ1, we conduct a comprehensive evaluation of Trace-
Coder against several baseline methods across three foundation
models and four benchmark datasets, with results summarized in
Table 1. TraceCoder consistently achieves the highest Pass@1 accu-
racy, outperforming both non-iterative methods (e.g., Direct and
CoT) and iterative ones (e.g., Self-Debugging and INTERVENOR).
While latter incorporate feedback loops, they are limited by single-
path repair strategies and lack mechanisms for learning from prior
failures, often resulting in convergence to suboptimal solutions.

TraceCoder overcomes these limitations through multi-agent
collaboration and runtime trace-driven analysis, enabling more
precise and adaptive repairs. This advantage is especially evident
on structurally complex benchmarks such as ClassEval and Big-
CodeBench. For example, using Gemini-2.5-Flash-0417 on ClassE-
val, TraceCoder achieves a Pass@1 score of 82.00%, surpassing the
second-best baseline (61.00%) by a relative margin of 34.43%. A
similar trend is observed on BigCodeBench. When averaged across
all benchmarks, TraceCoder reaches 90.72% with Gemini, outper-
forming the strongest baseline (81.05%) by 11.93%, demonstrating
robust performance across diverse programming tasks.

These results provide strong empirical evidence for the effec-
tiveness of TraceCoder’s framework design. By combining runtime
instrumentation and historical lesson learning, TraceCoder enables
the Analysis Agent to identify root causes rather than surface-level
symptoms, leading to more accurate and targeted repairs, particu-
larly for complex bugs that are difficult to resolve.

Answer to RQ1: TraceCoder consistently outperforms base-
line methods across all settings. Its advantage is particularly
notable on complex benchmarks such as ClassEval and Big-
CodeBench, achieving a relative improvement of up to 34.43%
over the strongest baselines.

4.4 Impact of Framework Parameters (RQ2)
We analyze RQ2 by examining the impact of two key hyperpa-
rameters: max_attempts, which defines the upper limit of repair
iterations, and patience, which controls the early stopping threshold.
Sensitivity analysis is conducted on BigCodeBench-Complete using
Gemini-2.5-Flash-0417, with results shown in Figure 3.

Effect of max_attempts. We observe a consistent increase in
Pass@1 accuracy asmax_attempts increases, confirming the benefit
of iterative refinement in TraceCoder’s design. Allowing more re-
pair cycles offers additional opportunities for diagnosis and repair.

Effect of patience. Similarly, increasing patience yields steady
performance gains. A higher tolerance enables the framework to
performmulti-step repairs and better utilize the LLM’s stochastic ex-
ploration, especially when early attempts fail. Peak performance is
reached at the highest tested patience level, suggesting that greater
fault tolerance enhances effectiveness on complex tasks. However,
this improvement comes at the cost of increased computational
overhead, indicating a trade-off between accuracy and efficiency.
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Figure 3: Sensitivity analysis of max_attempts and pa-
tience on Pass@1 performance. Results are reported on
BigCodeBench-Complete using Gemini-2.5-Flash-0417.

Answer to RQ2: TraceCoder’s performance is highly sensitive
to bothmax_attempts and patience. Increasing either improves
accuracy by enabling the framework to escape local optima.
For complex tasks, greater patience enables deeper exploration,
leading to more successful repairs.

4.5 Ablation Study (RQ3)
To evaluate the individual contributions of TraceCoder’s core com-
ponents, we conduct an ablation study on the BigCodeBench-Complete
dataset. The results are detailed in Table 2.We systematically disable
key parts of the framework to assess their impact.
• w/o Instrumentation. Removes the Instrumentation Agent.
The Analysis Agent must operate without runtime traces.
• w/o Instrumentation & Analysis. Excludes both Instru-
mentation and Analysis Agents, leaving the Repair Agent to
act solely on raw test failure feedback.
• w/o Iterative Repair. Disables the entire agent-based re-
pair framework, reverting the system to single-pass code
generation without iterative reasoning.
• w/o HLLM. Deactivates HLLM, which eliminates the frame-
work’s ability to incorporate lessons from prior failures.
• w/o RM. Removes the RM, requiring the framework to pro-
ceed from the latest attempt regardless of its performance.
• w/o HLLM & RM. Disables both HLLM and RM to evaluate
their joint contribution to overall performance.

The ablation results confirm that the full TraceCoder framework
achieves the highest accuracy, with all components contributing
positively. The most substantial degradation occurs when the entire
iterative repair loop is eliminated (w/o Iterative Repair), resulting
in a sharp accuracy drop from 89.04% to 53.77%.

Gradual removal of agents highlights their individual signifi-
cance. Excluding the Instrumentation Agent alone causes a marked
decline, underscoring the importance of runtime traces for pre-
cise diagnosis. Further excluding the Analysis Agent leads to an
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Table 1: Comparison of Pass@1 (%) between TraceCoder and baseline methods across four benchmarks and three foundation
models. “Ours” denotes the proposed TraceCoder. Bold numbers indicate the best performance in each column; values in
parentheses denote the relative improvement (↑%) over the second-best result.

Models Methods HumanEval HumanEval+ ClassEval BigCodeBench-Complete BigCodeBench-Instruct Average

Gemini-2.5-Flash
-0417

Direct 96.34 91.46 38.00 53.77 43.77 64.67
CoT 93.90 91.46 41.00 53.86 43.68 64.78
Self-Planning 94.51 90.85 36.00 55.61 43.15 64.02
Self-Debugging 98.78 96.34 61.00 78.07 71.05 81.05
INTERVENOR 99.39 95.12 61.00 75.88 69.82 80.24
Ours 99.39 98.17 (↑1.90%) 82.00 (↑34.43%) 89.04 (↑14.05%) 85.00 (↑19.63%) 90.72 (↑11.93%)

DeepSeek-V3
-0324

Direct 94.51 90.24 41.00 38.25 46.67 62.13
CoT 93.29 88.41 41.00 60.35 47.98 66.21
Self-Planning 95.12 90.24 37.00 61.14 26.93 62.09
Self-Debugging 98.78 96.34 61.00 82.37 74.56 82.61
INTERVENOR 95.73 92.68 63.00 79.82 70.79 80.40
Ours 98.78 96.34 78.00 (↑23.81%) 88.33 (↑7.24%) 83.77 (↑12.35%) 89.04 (↑7.78%)

Qwen-Plus
-2025-01-25

Direct 90.85 86.59 31.00 50.09 41.49 60.00
CoT 93.29 87.19 33.00 48.07 43.50 61.01
Self-Planning 90.85 84.75 37.00 37.36 41.75 58.34
Self-Debugging 96.34 93.90 49.00 70.96 63.77 74.80
INTERVENOR 95.12 91.46 48.00 68.60 61.75 72.99
Ours 96.34 93.90 63.00 (↑28.57%) 71.93 (↑1.37%) 68.60 (↑7.57%) 78.75 (↑5.28%)

Table 2: Ablation study of TraceCoder’s components on
the BigCodeBench-Complete dataset. The table shows the
Pass@1performance (%) after removing specific components.

Configuration BigCodeBench-Complete

TraceCoder 89.04

w/o Instrumentation 78.51
w/o Instrumentation & Analysis 75.09
w/o Iterative Repair 53.77

w/o HLLM 86.75
w/o RM 84.55
w/o HLLM & RM 84.43

additional 4.36% drop, validating its essential role in formulating
structured repair plans even in the absence of trace data.

The supporting mechanisms also play complementary roles. Dis-
abling the RM results in a 5.31% relative decline, validating its
effectiveness in preserving promising states and preventing con-
vergence deterioration. Meanwhile, the HLLM contributes a 2.64%
improvement by avoiding repeated failures and accelerating repair
convergence. Removing both RM and HLLM confirms that their
impacts are largely independent yet synergistic.

Overall, these findings align with the debugging strategies em-
ployed by experienced developers: addressing complex bugs re-
quires not only repeated attempts, but also systematic analysis
of runtime behavior (enabled by the Instrumentation and Analy-
sis Agents), retention of prior failures (facilitated by HLLM), and
disciplined rollback to stable baselines (enforced by RM).

Answer to RQ3: The ablation study confirms that all compo-
nents of TraceCoder are essential for optimal performance. The
foundational iterative repair framework provides the largest
improvement, while the RM and HLLM contribute vital opti-
mizations, adding 5.31% and 2.64% respectively for stability
and learning efficiency.

4.6 Practical Evaluation: Reliability, Efficiency,
Cost, and Failure Analysis (RQ4)

To assess TraceCoder’s real-world applicability and understand
its underlying behavior, we conduct a multi-faceted operational
analysis. Specifically, we examine the reliability of its core instru-
mentation mechanism, measure computational cost, compare its
efficiency against sampling-based strategies, diagnose its dominant
failure modes, and illustrate its repair process on a challenging bug.

4.6.1 Validation of Instrumentation Purity. A core assumption of
TraceCoder is that the Instrumentation Agent can insert diagnos-
tic probes without altering the program’s original semantics. To
empirically validate this assumption, we conduct a targeted study
as follows: (1) we collect all initially correct samples generated by
the Direct baseline on HumanEval and ClassEval; (2) these correct
samples are instrumented using our Instrumentation Agent; and
(3) the full test suites are re-executed on the instrumented versions
to check whether correctness was preserved.

As shown in Table 3, TraceCoder achieves a semantic preserva-
tion rate of 99.32%–100% across both evaluated LLMs, confirming
the reliability of our instrumentation strategy. This provides strong
empirical evidence that our prompt-guided instrumentation process
is highly reliable and rarely introduces new bugs. To further cor-
roborate these findings, we also employ formal verification using
CrossHair’s diffbehavior tool1. This analysis confirms that the
1https://github.com/pschanely/CrossHair
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Table 3: Empirical validation of semantic preservation. The
preservation ratemeasures the percentage of initially correct
programs that remain correct after instrumentation.

Model Dataset Initial Correct
Samples

Correct After
Instrumentation Preservation Rate

Gemini-2.5-Flash HumanEval 161 161 100.0%
ClassEval 44 44 100.0%

Qwen-Plus HumanEval 147 146 99.32%
ClassEval 30 30 100.0%

Table 4: Token consumption comparison of different meth-
ods on Gemini-2.5-Flash-0417. Values indicate the average
number of tokens used per problem.

Method HumanEval+ ClassEval

Input tokens Output tokens Input tokens Output tokens

Direct 168.35 401.59 638.46 2,264.56
CoT 176.70 489.14 679.80 2,249.65
Self-Planning 584.98 544.25 1,892.09 2,363.0
Self-Debugging 246.67 945.26 25,906.64 26,744.15
INTERVENOR 921.87 919.23 22,785.2 15,182.29
Ours 900.45 970.60 29,771.90 16,264.34

instrumented code is behaviorally equivalent to the original in over
97% of cases, providing strong formal evidence for the semantic
integrity of our instrumentation process. This validation further
suggests that TraceCoder’s prompt-engineering strategy can be
generalized to other programming languages and LLMs.

4.6.2 Cost Analysis. We first evaluate the computational cost of
TraceCoder and all baselines on the Gemini-2.5-Flash-0417, mea-
suring the average token usage per problem. As shown in Table 4,
non-iterative methods like Direct and CoT consume the fewest
tokens, but this comes at the cost of lower performance on complex
tasks. Iterative baselines demonstrate improved accuracy but in-
cur substantially higher token usage, establishing a clear trade-off
between cost and effectiveness. TraceCoder operates in this high-
cost, high-performance regime, leveraging its budget for targeted,
intelligent repair rather than unguided attempts.

4.6.3 Efficiency Comparison with Sampling. To ensure a fair com-
parison against breadth-based search (sampling), we conduct ad-
ditional experiments under equal token and attempt budgets. As
detailed in Table 5 and Table 6, when baselines like CoT are allowed
to generate multiple samples to match TraceCoder’s total attempts
or token usage, TraceCoder’s Pass@1 still significantly outperforms
their Pass@k on complex tasks like ClassEval. This demonstrates
that TraceCoder’s feedback-guided, depth-first repair strategy is
more effective than blind sampling for resolving deep logical flaws,
as it uses feedback to intelligently navigate the solution space rather
than relying on chance.

4.6.4 Error Analysis. To gain deeper insights into TraceCoder’s re-
maining failure modes, we analyze the types of errors it encounters
on the BigCodeBench dataset. As shown in Table 7, outcomes are
categorized into Pass, Runtime Error (RE), Wrong Answer (WA),
and Time Limit Exceeded (TLE). The data confirms that WA is the
dominant failure mode, reaching up to 8.86%. This indicates that

Table 5: Performance Comparison under Equal Attempt Set-
ting (Pass@6 for baselines vs. Pass@1 for TraceCoder).

Model Method HumanEval HumanEval+ ClassEval

Gemini-2.5-Flash
Direct (Pass@6) 98.78% 96.34% 54.00%
CoT (Pass@6) 98.78% 96.95% 55.00%
Ours (Pass@1) 99.39% 98.17% 82.00%

Qwen-Plus
Direct (Pass@6) 94.51% 90.24% 39.00%
CoT (Pass@6) 96.34% 93.29% 41.00%
Ours (Pass@1) 96.34% 93.90% 63.00%

Table 6: Performance Comparison under Equal Token Budget
Setting (Pass@k for baselines vs. Pass@1 for TraceCoder).

Model Method HumanEval+ ClassEval

Gemini-2.5-Flash
Direct 93.90% (Pass@3) 58.00% (Pass@15)
CoT 92.68% (Pass@3) 58.00% (Pass@15)
Ours 98.17% (Pass@1) 82.00% (Pass@1)

Qwen-Plus
Direct 88.41% (Pass@3) 46.00% (Pass@15)
CoT 93.29% (Pass@3) 53.00% (Pass@15)
Ours 93.90% (Pass@1) 63.00% (Pass@1)

while our trace-driven framework is effective at resolving explicit
runtime errors, the remaining challenge lies in correcting subtle
logical defects that produce incorrect outputs without crashing.

Table 7: Error analysis on BigCodeBench subsets.

Metric BigCodeBench-
Complete

BigCodeBench-
Instruct

Pass 89.04% 85.00%
Runtime Error (RE) 4.23% 5.00%
Wrong Answer (WA) 6.34% 8.86%
Time Limit Exceeded (TLE) 0.39% 1.14%

4.6.5 Case Study: Resolving a Semantic Bug. Given that WA errors
are the main challenge, this case study illustrates how TraceCoder
is uniquely equipped to diagnose and fix such semantic issues.

Task. Write a function get_positives(numbers) that returns
a list of strictly positive numbers from the input list.

Incorrect LLM-Generated Code. The initial code has a common
off-by-one logical error, incorrectly including zero in the output.

def get_positives(numbers):
return [x for x in numbers if x >= 0] # Bug:

Should be > 0

Test Case and Baseline’s Dilemma. The bug is exposed by the test
case assert get_positives([0, 1, -1]) == [1]. The buggy
code returns “[0, 1]”, causing an AssertionError: [0, 1] !=
[1]. For a black-box method that only sees this final error message,
the root cause is ambiguous. It might try various incorrect fixes,
such as changing the list order or modifying the numbers, without
understanding that the core issue lies in the filtering logic itself.
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TraceCoder’s Resolution Process. To showcase TraceCoder’s se-
mantic debugging capability, we illustrate how it resolves a subtle
logical error that standard sampling-based methods fail to detect.

(a) Smart Instrumentation: Upon detecting an assertion er-
ror, the Instrumentation Agent inserts diagnostic probes
into the list comprehension’s filtering logic. These probes
are purposefully placed to track the evaluation of each el-
ement without altering the program’s semantics, providing
fine-grained visibility into decision-making behavior.

(b) Execution & Tracing: Running the test case with the in-
strumented code yields a fine-grained runtime trace.

DEBUG: Checking num=0. Condition 0 >= 0
is True. Appending.

DEBUG: Checking num=1. Condition 1 >= 0
is True. Appending.

DEBUG: Checking num=-1. Condition -1 >= 0
is False. Skipping.

(c) Analysis & Localization: The Analysis Agent inspects the
trace and observes that 0 satisfies the predicate and is ap-
pended to the list. By aligning this observation with the task
specification (“strictly positive numbers”), it infers the root
cause: the condition x >= 0 is semantically incorrect, since
0 is not a positive value.

(d) Targeted Repair: Based on this precise analysis, the Repair
Agent receives an unambiguous plan: the filtering predicate
for positive numbers is incorrect. The condition should be x
> 0 rather than x >= 0. The agent then applies this fix and
generates the correct patched code.

This case study demonstrates how TraceCoder leverages internal
execution visibility to diagnose and fix semantic bugs that are often
opaque to methods relying solely on pass/fail signals.

Answer to RQ4: TraceCoder achieves a strong
cost–performance trade-off, outperforming baselines
even under equal token and attempt budgets. Its guided
repair strategy is significantly more efficient than unguided
sampling, and our analysis shows that WA remains the
principal failure mode. The case study further demonstrates
TraceCoder’s ability to resolve these subtle logical errors
through fine-grained runtime tracing.

5 Threats to Validity
In this section, we assess potential threats to validity to ensure a
rigorous and balanced interpretation of the results.

External Validity. A primary threat to external validity lies in the
high computational cost of TraceCoder. Its detailed, trace-driven
framework, while effective, incurs substantial token usage. Al-
though our experiments confirm a superior cost-performance trade-
off, its absolute token consumption could hinder its adoption in
resource-constrained environments. Designing more lightweight,
token-efficient agents is a crucial direction for future work.

Construct Validity. Our evaluation relies on the provided test
suites to measure program correctness. TraceCoder’s ability to

repair bugs is fundamentally constrained by test coverage; inad-
equate tests may lead to overfitting, where hidden flaws remain
unaddressed. Consequently, passing all tests does not guarantee
true program correctness, and complementary validation methods
may be required to mitigate this threat.

Internal Validity. A potential threat to internal validity is data
contamination, where evaluation benchmarks may have been in-
cluded in the LLMs’ pre-training data. We mitigated this risk by us-
ing the BigCodeBench dataset, which was released after the knowl-
edge cut-off dates of our selected models. While this substantially
reduces the likelihood of direct leakage, indirect contamination
cannot be entirely ruled out. Nevertheless, all methods were subject
to the same experimental conditions, ensuring a fair comparison.

6 Conclusion
This paper introduces TraceCoder, a trace-driven multi-agent frame-
work that emulates expert debugging behavior to automatically
repair LLM-generated code. Through the integration of runtime
instrumentation, coordinated agent collaboration, and iterative re-
finement, TraceCoder enables precise fault localization and targeted
correction. Its HLLM prevents redundant failures by reusing past in-
sights, while the RM stabilizes progress across iterations. Extensive
evaluations confirm substantial improvements over state-of-the-art
baselines, particularly on complex programming tasks.

Future work will focus on improving token efficiency and ex-
tending TraceCoder’s capabilities. A key direction is scaling the
framework to repository-level debugging, which raises challenges
such as managing large contexts, mitigating instrumentation ex-
plosion, and handling cross-file dependencies. To address these, we
plan to explore solutions such as static analysis for coarse-grained
localization and retrieval-augmented generation to construct min-
imal execution contexts for repair. Furthermore, inspired by the
trade-off between depth- and breadth-first exploration, we will
investigate hybrid strategies that combine initial sampling with
parallel TraceCoder instances to efficiently explore a broader solu-
tion space. Another promising direction is enhancing the HLLM
with structured knowledge representations, enabling agents to gen-
eralize repair strategies across different tasks and domains.
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