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Abstract
Large language models (LLMs) have shown exceptional
capabilities in code understanding and generation. How-
ever, they still face significant challenges in analyzing
and debugging code. Most existing works rely on a sin-
gle model, which often struggles to detect and fix bugs
in complex program structures and semantic logic. This
paper presents DOTA, a novel debugging framework that
enhances LLMs’ debugging capabilities through multi-
agent collaboration. Our key innovation is two-fold.
First, we enhance code understanding through automated
hierarchical documentation analysis, enabling more ef-
fective bug detection and localization based on compre-
hensive program context. Second, we leverage a delta-
of-thought process where multi LLM agents analyze dif-
ferent aspects of program correctness and iteratively con-
tribute complementary insights to identify bugs. Our
experiments show that combining different agents with
enriched documentation context significantly improves
LLMs’ debugging capabilities. DOTA has been exten-
sively evaluated on the DebugBench dataset of 4,253
debugging instances. It achieves an average improve-
ment of 15% in bug detection accuracy across languages
compared to GPT-3.5 with task background prompt-
ing. The framework shows particular strength in han-
dling complex logical errors (+18.3%) and multiple bugs
(+18.9%). On open-source models, DoTA enhances bug
detection capabilities by 10.4–13.5%.

1 Introduction

The rapid development of large language models (LLMs)
has shown promising potential in code understanding and
analysis. While models such as GPT-4 [1] and Codex [2]
demonstrate significant capabilities in code comprehen-
sion across various programming languages [3], their
ability to accurately analyze code, detect bugs, and
provide reliable debugging suggestions remains a chal-
lenge [4]. These limitations stem from the following:

• Single Model Dependence: Most existing work uti-
lize a single model to interpret and analyze code.
Their effectiveness is limited and often biased due
to a singular perspective [5, 6]. For example,
even state-of-the-art models show significant per-
formance drops when dealing with complex seman-
tic bugs that require multi-faceted understanding
beyond simple pattern matching.

• Inconsistent Code Analysis: Effective debugging re-
quires reliable, deep code understanding [7]. How-
ever, recent studies have highlighted that even ad-
vanced LLMs show inconsistent reasoning capabil-
ities and often miss subtle semantic bugs [8]. This
limitation becomes particularly evident when deal-
ing with complex programming logic and multi-
module dependencies [9].

• Limited Context Understanding: Existing LLM-
based techniques often focus on low-level source
code snippets but overlook the high-level context
of desired functionality, which is critical for un-
derstanding system-wide invariants and identifying
logical inconsistencies [10].

To address these limitations, we introduce DOTA
(Delta of Thought Agents), a framework that enhances
code debugging through multi-agent collaboration and
automated documentation enrichment. Our key insight is
that combining specialized agents’ analyses with hierar-
chically augmented code documentation enables LLMs
to understand program behavior better and thus detect
bugs more accurately.

The name DoTA highlights the framework’s core in-
novation: the delta represents the incremental differ-
ences and complementary insights obtained from multi-
ple agent perspectives. Unlike single-model approaches
that provide a monolithic analysis, our framework cap-
tures the delta—the unique contributions each special-
ized agent provides beyond what others detect. This
delta-based approach allows us to aggregate diverse an-
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Figure 1: Overview of the DOTA framework. It combines a Multi-Agent LLM System (Section 3.1), a Delta Integra-
tion Module (Section 3.2), and an Automated Documentation Generator (Section 3.3) in a closed loop. Specialized
agents analyze the code from different perspectives, the delta module synthesizes their complementary insights, and
the documentation generator injects these insights back into the code as hierarchical annotations, enabling refinement
of debugging quality.

alytical viewpoints, where each agent’s delta contributes
novel information about potential bugs, code patterns, or
semantic issues that are overlooked by other agents. By
systematically collecting and synthesizing these deltas,
DOTA builds a more comprehensive understanding of the
code than any individual model can achieve.

At the heart of DoTA is a two-fold innovation. First,
DOTA implements a specialized delta-of-thoughts mech-
anism, where different LLM agents are assigned distinct
analytical roles. A high-level agent focuses on architec-
tural patterns and module interactions, while specialized
agents examine type consistency, control flow, and state
management. The coordinator agent identifies novel in-
sights by analyzing the semantic differences (deltas) be-
tween agent outputs, filtering redundant information, and
synthesizing complementary perspectives [11].

The second innovation lies in DOTA’s automated
multi-level documentation system. This system gener-
ates a hierarchical set of code annotations spanning mul-
tiple abstraction levels, from architectural patterns and
module relationships to functional specifications and im-
plementation constraints [10]. These structured annota-
tions make explicit the complex code relationships and
system invariants that are often implicit in raw code, sig-
nificantly improving LLMs’ ability to detect semantic
bugs and logical inconsistencies [12].

We have extensively evaluated DOTA on Debug-
Bench [13] with 4,253 debugging instances, using GPT-
3.5 with task background prompting as our baseline
model. Our framework demonstrates substantial im-
provements in bug detection accuracy, particularly for
complex logical errors (+18.3%) and scenarios with mul-
tiple interacting bugs (+18.9%). Ablation studies show

that both components are crucial: removing either the
multi-agent collaboration or documentation system re-
duces the overall accuracy by approximately 5%, from
89.2% to 84.8% and 84.5% respectively. These results
validate that the integration of collaborative agents with
enhanced documentation represents a step forward.

2 Related Work

Code Generation with LLMs. In recent years, Large
Language Models (LLMs) such as Codex [2] and GPT-
4 [1] have shown significant promise for automatic
code generation. These models are trained on large-
scale code corpora and adapted to programming tasks
ranging from basic algorithms to complex system de-
signs [14]. Recent advances include StarCoder [15],
which demonstrates enhanced multilingual code gener-
ation, and CodeGeeX [16], which achieves competitive
performance with specialized architectures. Through
architectural improvements, quality of code generated
has improved considerably, with models producing func-
tional code that sometimes exceeds human performance
on CodeXGLUE [6] and mHumanEval [17].

Nevertheless, several significant limitations persist.
Models may generate incorrect or unnecessarily complex
code [4]. Moreover, while these models excel at gener-
ating independent code segments, integrating such seg-
ments into larger systems with multiple dependencies re-
mains problematic [9]. Recent studies [9] indicate sub-
stantial challenges in cross-language code generation.

Traditional Debugging Techniques. Traditional debug-
ging methods, including breakpoint-based debugging,
static analysis, and dynamic program tracing, form the



Algorithm 1 Protocol for Agent Coordination

1: procedure COORDINATEAGENTS(code, agents)
2: Input: code - source code to analyze; agents - list of specialized LLM agents
3: Output: consensus - integrated bug detection result with identified deltas
4: responses← [] ▷ List stores agent analyses and their deltas
5: for all agent in agents do ▷ Process each specialized agent
6: analysis← agent.analyzeCode(code) ▷ Agent-specific analysis based on its specialization
7: weight← calculateWeight(agent.history) ▷ Weight based on historical accuracy
8: responses.append((analysis, weight)) ▷ Store analysis and reliability score
9: end for

10: consensus← buildConsensus(responses) ▷ Integrate analyses, extracting deltas
11: updateAgentWeights(responses, consensus) ▷ Adjust weights based on contribution quality
12: return consensus ▷ Return synthesized result with unique insights
13: end procedure

foundation of software development practices. Tools like
GDB [18] and Valgrind [19] monitor program execution,
while static analyzers detect bugs before runtime. Ad-
vanced techniques such as symbolic execution facilitate
bug detection in complex systems [20]. Modern sur-
veys of fault localization techniques highlight the transi-
tion from spectrum-based methods to learning-based ap-
proaches [7]. However, these methods suffer from scal-
ability issues, requiring exhaustive path exploration that
becomes intractable for large systems.

AI-Assisted Debugging. AI-based debugging is an ac-
tive area of research. Early systems like BugFix [21]
and CoCoNuT [22] demonstrated that machine learning
models can effectively identify and repair software bugs.
Notable advances include DeepDebug [23], which lever-
ages transformer architectures for comprehensive code
analysis. Most current systems rely on single AI mod-
els, limiting their effectiveness on complex bugs. Crit-
icGPT [8] pioneered the use of LLMs to criticize and im-
prove code, showing models can examine complemen-
tary aspects to improve bug detection.

One cluster of the research efforts long this direc-
tion leverage multi-agent frameworks. Such systems em-
ploy specialized AI agents to examine different code as-
pects—syntax, semantics, control flow, and state man-
agement. Recent systems like AgentCoder [11] and
ChatDev [24] demonstrate the effectiveness of collab-
orative agent-based approaches in software engineering
tasks. Unlike single-model approaches, these frame-
works utilize specialized roles to verify and refine code
iteratively. DOTA distinguishes itself by implementing a
delta-based collaboration protocol. While existing multi-
agent learning systems [25] support the use of special-
ized roles, DOTA focuses on capturing unique contribu-
tions (deltas) from each agent.

Notably, code documentation plays a crucial role in
this direction by clarifying intended functionality. Tools

like CodeT5 [5] demonstrate that pre-trained models for
code-to-text tasks enhance code understanding. High-
quality documentation significantly improves debugging
accuracy by providing semantic context [10]. This multi-
level structure, inspired by literate programming princi-
ples [26], provides a richer context for both human de-
velopers and AI debugging agents.

3 DOTA Methodology
We propose the DOTA framework that leverages multiple
LLM agents for a delta-based reasoning process. Fig-
ure 1 illustrates the overall framework. The core innova-
tion lies in the delta-of-thought mechanism, where delta
refers to the unique, complementary insights contributed
by each specialized agent during collective debugging.
The framework combines 1⃝ delta-based multi-agent
collaboration with 2⃝ automated hierarchical documen-
tation generation, enabling comprehensive code analysis
from multiple perspectives.

The DoTA framework consists of three interconnected
components that form a closed feedback loop: (1) a
Multi-Agent LLM System that performs specialized code
analysis through different agents; (2) a Delta Integra-
tion Module that identifies and synthesizes unique in-
sights from each agent; and (3) an Automated Documen-
tation Generator that creates multi-level code annota-
tions. The feedback loop enables continuous refinement,
where documentation enhances subsequent agent analy-
sis, which in turn improves bug detection accuracy.

3.1 Multi-Agent LLM System
DOTA leverages a multi-agent system for specialized
code analysis. The system instantiates agents with dis-
tinct analytical roles: syntax analysis agents detect gram-
matical and type-related errors, semantic analysis agents
examine program logic, control flow agents trace execu-
tion behavior, and state management agents verify data



Algorithm 2 Framework for LLM Integration and Agent Instantiation

1: procedure INTEGRATELLM(code, focus)
2: Input: code - source code segment; focus - analytical focus (e.g., syntax, semantics, control flow)
3: Output: parsed analysis - structured bug detection results with confidence scores
4: prompt← generateSpecializedPrompt(code, focus) ▷ Create focus-specific prompt
5: context← extractCodeContext(code) ▷ Extract relevant code context
6: model← selectAppropriateModel(focus) ▷ Select specialized agent
7: response← model.generate(prompt, context) ▷ Generate analysis
8: parsed analysis← parseResponse(response) ▷ Structure the output
9: validateAnalysis(parsed analysis) ▷ Verify analysis quality return parsed analysis ▷ Return validated

analysis
10: end procedure

consistency. Each agent contributes a partial analysis that
is later compared against the others to identify informa-
tive deltas for collective analysis.

Algorithm 1 presents the coordination protocol. It
takes as input the source code together with a set
of specialized agents, such as syntax, semantic, and
control-flow analyzers. In Lines 5-7, each agent is pre-
configured or fine-tuned for a particular bug detection
task, and the agent.history field in Line 7 main-
tains performance signals from previous analyses. Dur-
ing execution, each agent independently analyzes the in-
put and produces a structured assessment of potential de-
fects within its area of expertise.

To combine these assessments, DOTA estimates agent
reliability from historical performance using a sigmoid
weighting function:

wi =
1

1+ e−k(pi−pavg)
(1)

where wi is agent i’s weight, pi is its performance score,
pavg is the average performance across all agents, and
k controls weight sensitivity (empirically set to 2.0).
It then synthesizes the analyses by preserving non-
overlapping insights as explicit delta contribution:

Consensus =
n

∑
i=1

wi ·Analysisi +∆unique (2)

where ∆unique denotes the non-overlapping findings con-
tributed by individual agents. After consensus construc-
tion, agents weights are updated according to contribu-
tion quality so that agents that consistently produce ac-
curate and useful deltas receive greater influence.

Instantiation of Specialized Agents. DOTA comprises
four specialized agents: a syntax analyzer for syntax er-
rors, type mismatches, and compilation-related issues; a
semantic analyzer for logical consistency, variable usage,
and semantic correctness; a control-flow analyzer for
execution-path reasoning and flow anomalies such as un-
reachable code; and a state analyzer for state consistency,

memory management, and resource handling. This de-
sign preserves a clear separation of analytical roles while
remaining easy to adapt and deploy. In our implementa-
tion, such multi-agent system is instantiated from a sin-
gle base model, GPT-3.5, using task-specific background
prompting and prompt-based role specialization rather
than model fine-tuning.

Algorithm 2 details the flexible multi-LLM architec-
ture that enables specialized agents to collaborate effec-
tively. It generates role-specific prompts in Line 4 that
steer each agent toward its intended debugging perspec-
tive. For example, the syntax agent emphasizes gram-
matical correctness, whereas the semantic agent focuses
on logical consistency. The algorithm also extracts local
declarations in Line 5, function signatures, and depen-
dency information from a configurable context window;
in our implementation, this window spans 50 lines.

Agent selection is based on both role suitability and
historical performance:

agent = (3)

argmax
a∈A

(Capability(a, focus)×Performance(a))

where A denotes the available agent pool, Capability
measures alignment between an agent and the requested
analytical focus, and Performance captures prior relia-
bility. Each selected agent then produces a structured
response containing the predicted bug location, defect
type, severity, and confidence score. Before these results
are forwarded to the delta integration module, the system
validates them for consistency, completeness, and adher-
ence to the expected schema.

3.2 Delta Integration Module
DOTA uses a delta integration module to consolidate the
outputs of the specialized agents. Its role is to identify
observations that are complementary rather than redun-
dant. In practice, the module compares the candidate
findings produced by each agent, preserves high-value



Algorithm 3 Protocol for Agent Weight Adjustment

1: procedure UPDATEAGENTWEIGHTS(responses, outcome)
2: Input: responses - agent analyses with current weights; outcome - consensus result
3: Output: Updated agent weights reflecting contribution quality
4: mean performance← calculateMeanPerformance(responses) ▷ Calculate baseline performance
5: for all (agent, response) in responses do
6: performance← evaluatePerformance(response, outcome) ▷ Measure contribution quality
7: delta← α× (performance − mean performance) ▷ Calculate adjustment
8: agent.weight← agent.weight + delta ▷ Update weight
9: agent.history.append(performance) ▷ Maintain performance history

10: end for
11: normalizeWeights(agents) ▷ Ensure weights sum to 1
12: end procedure

non-overlapping evidence, and incorporates reliability-
aware weighting when building a consensus diagnosis.
This design is intended to retain minority but valuable
signals that might otherwise be lost in a simple majority-
vote scheme.

Weight Adjustment. The delta integration module sup-
ports adaptation over time. Agent weights are updated
according to how well each agent’s findings align with
the final debugging outcome, allowing the system to em-
phasize agents that repeatedly contribute useful informa-
tion while still preserving diversity across perspectives.
This mechanism is central to DOTA’s feedback loop, be-
cause the consensus result becomes a stronger input to
downstream documentation generation and later debug-
ging iterations.

Algorithm 3 depicts that DOTA evaluates each agent’s
contribution using three signals: the number of unique
bugs it contributes, the correctness of those findings with
respect to the final outcome, and its consistency with
other reliable agents. The update magnitude is controlled
by a learning-rate parameter α in Line 7:

∆wi = α(ri− r̄) (4)

where α = 0.1 (empirically determined), ri is agent i’s
performance score, and r̄ is the mean performance. To
support adaptation over time, agent.history in Line
9 maintains a sliding window of the last 100 analyses, en-
abling long-term performance tracking and identification
of agent specialization patterns across code types. After
the update, weights are normalized to maintain numeri-
cal stability:

wi =
wi

∑
n
j=1 w j

(5)

In summary, DOTA uses k= 2.0 in the sigmoid weight-
ing function, α = 0.1 for weight updates, a history win-
dow of 100 analyses, and a minimum weight threshold of
0.05 to prevent an agent from being eliminated entirely.

3.3 Automated Document Generation

Once DOTA identified these analytical deltas, it automat-
ically augments the code with hierarchical annotations
that incorporate this information. Algorithm 4 describes
this process. Rather than producing a single plat expla-
nation, the generator organizes the resulting annotations
across multiple abstraction levels so that later analysis
can use structural, behavioral, and implementation-level
information relevant to debugging.

On Line 1, the documentation algorithm takes as input
the source code together with background project con-
text, including design artifacts, commit history, and code
dependencies. It produces annotations at four abstraction
levels: the architecture level captures system-wide pat-
terns and module interactions, the component level fo-
cuses on class- or module-level specifications, the func-
tion level models method contracts and behaviors, and
the implementation level describes line-level logic and
constraints.

For each level, DOTA extracts features appropriate to
that abstraction in Lines 5-11, such as class hierarchies
for component level or control flow information at the
function level. It then incorporates the outputs of multi-
agent analysis through a weighted contextual representa-
tion:

Integrated context =
n

∑
i=1

wi ·Ci (6)

where Ci is agent i’s contextual analysis and wi is its
reliability weight. The background parameter enriches
this representation with project-specific knowledge, im-
proving semantic understanding. Finally, DOTA synthe-
sizes level-specific documentation by combining code
evidence, agent analysis, and project background context
in Lines 9-10.

Documentation Hierarchy. The four-level documenta-
tion hierarchy provides the DOTA access to complimen-
tary forms of context. Figure 2 illustrates this design on a
binary-tree traversal example by showing how the same



Algorithm 4 Protocol for Documentation Generation

1: procedure GENERATEDOCUMENTATION(code, background)
2: Input: code - source code; background - existing code context and metadata
3: Output: doc levels - hierarchical documentation from L1 to L4
4: doc levels← [] ▷ Initialize multi-level documentation storage
5: for level in [ARCHITECTURE, COMPONENT, FUNCTION, IMPLEMENTATION] do
6: context vector← getContext(code, level) ▷ Extract level-specific features
7: agent inputs← collectAnalysis(context vector) ▷ Gather specialized agent analyses
8: weighted context← computeWeightedContext(agent inputs) ▷ Integrate analyses with weights
9: documentation← generateDoc(weighted context, background) ▷ Generate level-specific documentation

10: doc levels.append(documentation) ▷ Store in hierarchy
11: end forreturn integrateDocLevels(doc levels) ▷ Return integrated multi-level documentation
12: end procedure

code fragment is annotated across the four documenta-
tion levels, from architectural intent to line-level behav-
ior. Level 1 captures system-wide invariants, data-flow
patterns, module dependencies, and architectural con-
straints. Level 2 describes class responsibilities, state
management, interface contracts, and component inter-
actions. Level 3 records method preconditions and post-
conditions, parameter constraints, exception handling,
and behavioral specifications. Level 4 provides line-by-
line logic explanations, algorithmic details, state modifi-
cations, and error-handling information.

This hierarchical structure helps the agents reason
about code at multiple granularities, improving their abil-
ity to detect bugs that span abstraction levels. It also
closes the feedback loop introduced in the overview: the
documentation produced by this component informs later
analysis, and improved analysis in turn yields more ac-
curate documentation.

4 Experimental Results

Experimental Setup. Our experiments were conducted
on the DebugBench dataset [13], which comprises 4,253
debugging instances sourced from the LeetCode commu-
nity. This dataset includes 1,438 C++ instances, 1,401
Java, and 1,414 Python, spanning syntax, reference,
logic, and multiple error types. We evaluated DOTA, con-
sisting of multi-agent LLM collaboration and automated
inline documentation, against baseline approaches, in-
cluding single-model reasoning without documentation.
We use GPT-3.5 with task background prompting as
baseline model.

The evaluation metrics focus on bug detection accu-
racy: whether identified error aligns with the ground-
truth. We performed experiments on a high-performance
cluster with NVIDIA A100 GPUs, ensuring standardized
conditions. To verify that improvements are substantial
and not coincidental, we performed manual verification.

/* L1: Binary Tree Path Sum Module

* Flow: Tree traversal with sum checks

* States:{exploring,validated,terminated}
* Invariant: Complete path validation */
struct TreeNode {

int val;
TreeNode *left, *right;

};
/* L2: PathSum Component

* Flow: Node -> Path -> Validation

* States: DFS traversal states

* Contract: Leaf path completion */
class Solution {
public:

/* L3: Path Validation

* Process: Sum reduction per node

* Cases: null, leaf, internal node

* Ensures: Leaf-path completeness */
bool hasPathSum(TreeNode* root, int

sum) {
// L4: Base case - empty tree
if (!root) return false;
// L4: Leaf node validation
if (!root->left && !root->right)

return root->val == sum;
// L4: Path exploration
return hasPathSum(root->left,sum -

root->val) || hasPathSum(root->right,sum
- root->val);

}
};

Figure 2: Multi-level documentation example showing
how DOTA automatically generates comprehensive un-
derstanding at multiple abstraction levels.

4.1 Results Across Languages
Table 1 reports performance across three programming
languages. DOTA improves over the baseline in all three,
with the largest gain in Python. A plausible explanation
is that Python debugging often depends more heavily on



Table 1: Bug Detection Performance by Language.

Language Baseline DOTA Gain

C++ 74.2% 88.3% +14.1%
Java 73.5% 87.8% +14.3%
Python 75.1% 91.8% +16.7%

Table 2: Bug Detection Performance by Error Type.

Error Type Baseline DOTA Gain

Syntax 76.8% 90.2% +13.4%
Reference 72.3% 88.1% +15.8%
Logical 68.5% 86.8% +18.3%
Multiple 61.2% 80.1% +18.9%

implicit invariants and programmer intent, making the
additional semantic context supplied by documentation
and multi-agent reasoning especially useful.

4.2 Results on Error Types
Table 2 shows the largest gains in logic and multiple er-
rors. This aligns with the complexity of these errors:
logical bugs often require understanding multiple execu-
tion paths, and multi-errors combine syntactic/semantic
flaws that interact in non-obvious ways. The data sug-
gests that DOTA’s approach is particularly effective at
handling these complex error types where multiple as-
pects of code understanding must be combined.

4.3 Ablation Study
The ablation results in Table 3 show that multi-agent col-
laboration and inline documentation yield complemen-
tary benefits. Removing either reduces accuracy by more
than four percentage points, indicating that the gains do
not arise from a single dominant design choice.

4.4 Benefits of Inline Documentation
Table 4 focuses on the impact of inline documentation
by error type. The data clearly shows that logical er-
rors and multi-errors benefit most from documentation.
This is likely because these error types depend heavily
on understanding intended invariants, function roles, and
permissible value ranges. The documentation provides
crucial context that helps models better understand these
complex relationships.

4.5 Performance on Open Source Models
To demonstrate the generalizability of our approach,
we evaluated DOTA’s effectiveness across widely-used
open-source LLMs with task background prompting.

Table 3: Ablation Study Results.

Removed Component Accuracy Full System

Multi-agent collaboration 84.8% 89.2%
Inline documentation 84.5% 89.2%

Table 4: Impact of Automated Inline Documentation.

Error Type Without Docs With Docs Gain

Syntax 84.7% 90.2% +5.5%
Reference 82.9% 88.1% +5.2%
Logical 78.9% 86.8% +7.9%
Multiple 72.1% 80.1% +8.0%

Table 5: Bug Detection Via Open Source Models.

Base Model Original + DOTA Gain

LLaMA2-70B 65.4% 78.9% +13.5%
Mistral-7B 61.2% 72.8% +11.6%
Code-LLaMA-13B 63.5% 76.2% +12.7%
Phi-2 60.1% 70.5% +10.4%

These models, while powerful, typically perform below
proprietary models like GPT-4 or Claude 3 on complex
debugging tasks. However, our framework shows con-
sistent improvements across all tested models, suggest-
ing that the combination of multi-LLM collaboration and
multi-level documentation can enhance debugging capa-
bilities regardless of the base model’s performance.

As shown in Table 5, while the improvements are sub-
stantial across different model scales, the enhanced per-
formance still remains below that of leading proprietary
models. The larger LLaMA2-70B shows the most signif-
icant improvement, from 65.4% to 78.9%, while special-
ized models like Code-LLaMA-13B also demonstrate
strong gains despite their smaller size. Even compact
models like Phi-2 achieve improvements, though the en-
hancement varies with model scale and architecture.

This varying improvement pattern across different
open-source models suggests that our method provides
fundamental enhancements to the debugging process
rather than merely amplifying existing model capabili-
ties. The results also indicate that while our approach
significantly improves open-source model performance,
there remains a gap compared to proprietary models,
highlighting the complementary nature of our enhance-
ment with underlying model capabilities.

4.6 Manual Verification of Results
To ensure that our improvements reflect genuine under-
standing rather than coincidental textual matches, we
conducted manual verification on these instances. We



confirmed that in the majority of cases, the model’s iden-
tified bugs corresponded to actual code defects. The dis-
covered errors match the underlying semantics of the
code, demonstrating that DOTA’s improvements repre-
sent genuine enhancement in bug detection capabilities.

5 Case Study

5.1 Multi-Language Repository Analysis
To examine whether DOTA remains useful beyond
benchmark-style bug-fixing tasks, we conducted a case
study on a multi-language repository implementing a
complete data-processing pipeline across three program-
ming languages. This setup reflects a common soft-
ware architecture in which different components exploit
language-specific strengths while communicating across
language boundaries.

The repository implements a data-processing work-
flow whose functionality is distributed across a Python
data collector (python/data collector.py), a
c++ processing component (cpp/processor.cpp),
a Java visualization module (java/DataVisuali-
zer.java), a shared Python logging util-
ity (python/logger.py), and a shell script
(run demo.sh) that compiles and executes the full
pipeline. These components exchange data through
files and command-line invocations, producing an inter-
language dependency chain in which one component’s
assumptions directly influence the properties of the next.

We applied DOTA to this repository with the goal
of analyzing both language-specific vulnerabilities and
cross-component security issues that emerge only when
the full pipeline is considered. The analysis proceeds
in the same manner as in our main experiments: DOTA
first generates hierarchical documentation from architec-
tural to implementation levels, then invokes specialized
agents for security, architecture, control-flow, and state-
management reasoning, and finally combines the result-
ing evidence to trace vulnerabilities across component
boundaries. This setting is particularly useful for eval-
uating whether the framework can move beyond iso-
lated bug identification and instead reason about cross-
language propagation paths.

5.2 Key Findings
DOTA identified multiple security vulnerabil-
ities throughout the repository. In the C++
component, it detected a buffer overflow in
processArguments, a use-after-free error in
demonstrateUseAfterFree, and a memory leak
in processData. In the Python code, it identified
command injection in call cpp processor,
path traversal in save data, and SQL in-
jection in process user input. In the

Java module, it reported command injection in
logActivity, path traversal and cross-site scripting
in generateHtmlReport, and a resource leak
in readJsonData. Taken together, these findings
indicate that the framework is able to surface both
conventional single-language vulnerabilities and issues
that arise from the way components are connected.

One of the most important findings was the presence
of vulnerability chains that propagate across language
boundaries. In one representative example, the Python
data collector concatenates user input into a command
string that is then passed to the C++ processor. The C++
component further propagates the vulnerability through
system() calls on tainted input, creating a path to ar-
bitrary command execution.

One representative example is the buffer-overflow vul-
nerability in the C++ processor. DOTA identifies that
the processArguments function copies user input
directly into the fixed-size global buffer g buffer by
calling strcpy without validating the input length.
From a security perspective, the intended requirement is
straightforward: user input must not exceed buffer capac-
ity. Because g buffer has size BUFFER SIZE (1024
bytes), any larger than threshold argument can overwrite
adjacent memory and create a classic stack-based buffer-
overflow condition. The framework therefore correctly
connects the local code pattern to a broader security con-
sequence, namely the possibility of arbitrary code execu-
tion, process crashes, or information disclosure.

5.3 DOTA’s Effectiveness and Limitations

The case study also helps clarify where DOTA is
strongest and where it remains limited. The frame-
work performs well on vulnerabilities with strong static
signatures, including memory-safety errors, command-
injection risks, and path-traversal behavior. It is
moderately effective on data-validation and resource-
management problems, where correct diagnosis often de-
pends on broader semantic context but still leaves ob-
servable source-level evidence. Its weakest performance
arises from asynchronous behavior and timing-sensitive
defects, for which static reasoning alone is insufficient.

Several limitations also became clear. Without ex-
ecution capabilities, DOTA cannot directly validate ex-
ploitability or resolve runtime-dependent behaviors. Ac-
curacy declines when reasoning must cross deeply nested
call chains or multiple components, particularly in the re-
cursive C++ code. In addition, some language-specific
idioms and optimized implementation patterns remain
difficult for the framework to interpret reliably, and
concurrency-related bugs such as race conditions or
deadlocks remain challenging because they depend on
execution ordering rather than only source structure.



This repository-level analysis shows that DOTA can
detect serious security vulnerabilities across language
boundaries and can expose propagation chains that are
difficult to recover with single-language analysis alone.
The case study also reinforces the role of hierarchical
documentation and multi-agent reasoning in understand-
ing cross-component interactions and mismatches be-
tween intended and actual behavior. At the same time, it
highlights a clear direction for future work: coupling the
current static reasoning process with dynamic analysis
and strengthening support for language-specific patterns,
runtime behavior, and concurrency.

5.4 Relevant Code Listings

For completeness, we include excerpts of the key vulner-
able sections of each component:

Listing 1: C++ Processor - Buffer Overflow

// Global buffer with fixed size
char g_buffer[BUFFER_SIZE];
// Process command line arguments -
// contains buffer overflow vulnerability
void processArguments(int argc, char* argv

↪→ []) {
if (argc < 2) {
return;

}
// BUG: Buffer overflow vulnerability
strcpy(g_buffer, argv[1]);
std::cout << "C++: Processing argument: "

<< g_buffer << std::endl; }

Listing 2: Python - Command Injection

def call_cpp_processor(data_file):
"""Call C++ processor - command injection

↪→ """
print("Python: Calling C++ processor...")
cpp_processor = os.path.join(
os.path.dirname(os.path.dirname(__file__

↪→ )),
"cpp", "processor"

)
# BUG: Command injection vulnerability
cmd = f"{cpp_processor} {data_file}"
try:
# BUG: shell=True enables injection
result = subprocess.run(
cmd, shell=True,
capture_output=True, text=True

)
if result.returncode != 0:
print(f"Error: {result.stderr}")
sys.exit(1)

return result.stdout.strip()
except Exception as e:
print(f"Error: {e}")
sys.exit(1)

Listing 3: Java - XSS Vulnerability

private static void generateHtmlReport(
List<DataItem> items, String outputPath

) throws IOException {
System.out.println("Generating HTML report

↪→ ...");
// BUG: Path traversal - no validation
File outputFile = new File(outputPath);
try (FileWriter writer =

new FileWriter(outputFile)) {
writer.write("<html><head>" +
"<title>Data Report</title></head>" +
"<body>\n<h1>Processed Data</h1>\n");

writer.write("<table border=’1’>" +
"<tr><th>ID</th><th>Name</th>" +
"<th>Value</th></tr>\n");

for (DataItem item : items) {
writer.write("<tr>");
writer.write("<td>" + item.id + "</td>"

↪→ );
// BUG: XSS - unescaped user data
writer.write("<td>" + item.name + "</td

↪→ >");
writer.write("<td>" + item.value + "</

↪→ td>");
writer.write("</tr>\n");

}
writer.write("</table></body></html>");

↪→ } }

6 Discussion

The quantitative and qualitative results suggest that
DOTA’s combination of multi-agent collaboration and in-
line documentation improves debugging performance on
complex software tasks. These improvements appear to
stem from two structural changes in the reasoning pro-
cess: multiple agents contribute complementary analyt-
ical perspectives, and documentation provides semantic
context that helps guide inference.

Insight into Multi-Agent Collaboration. Complex
logic bugs remain difficult to resolve, especially when
defects span multiple functions or components. Our
results indicate that parallel analysis by specialized
agents is useful because different agents surface differ-
ent classes of evidence. An individual agent may iden-
tify a local anomaly in control flow, data use, or program
state, but the main benefit arises when these observations
are combined into a shared diagnosis. This effect is par-
ticularly visible in cases where failures emerge from in-
teractions among components rather than from a single
localized error, which is precisely the setting in which
single-pass debugging methods often struggle.

Role of Inline Documentation. The results also sug-
gest that inline documentation is most valuable when the
defect is semantically subtle rather than syntactically ob-
vious. Structural code analysis alone is often insufficient
for such cases, whereas documentation can provide cues



about intended behavior, invariants, and expected inter-
actions. In DOTA, the multi-level documentation scheme
helps bridge this gap by exposing context from archi-
tectural design down to implementation details. More
broadly, the results support the view that documentation
is not only a maintenance aid for developers, but also a
useful source of semantic information for automated de-
bugging systems.

Language and Error-Type Variations. Performance
varies across programming languages and defect cate-
gories. Improvements are more pronounced in dynamic-
language settings, where documentation may compen-
sate for the lack of explicit type information and weaker
static guarantees. We also observe stronger gains on
compound defects and interleaved logic errors, particu-
larly when the debugging task requires integrating evi-
dence across multiple abstraction levels. These trends
suggest that DOTA is most useful in settings where pro-
gram understanding is context-heavy and where a purely
local analysis is unlikely to be sufficient.

Challenges and Limitations. Evaluation on Debug-
Bench (n = 4,253 test cases) also exposed important lim-
itations. Broadly, the failure cases fall into two cate-
gories: those that exceed the reasoning depth of the cur-
rent analysis process and those that depend on runtime
behavior that is difficult to capture statically.

Limited Reasoning Capabilities. Analysis of 458 un-
successful cases (10.8% of the dataset) revealed recur-
ring patterns associated with limited reasoning depth.
Deep call hierarchies, especially those extending beyond
five levels, reduced effectiveness because tracking data
and control dependencies became substantially harder.
This issue was particularly visible in recursive imple-
mentations and programs with high cyclomatic complex-
ity. We also observed weaker performance on cases re-
quiring long inference chains, where correct diagnosis
depends on several linked logical deductions.

Static Analysis Issues. Investigation of runtime-
dependent scenarios (384 cases, 9.0%) exposed limita-
tions inherent to largely static analysis. Behaviors in-
volving network communication, file I/O, dynamic type
changes, or complex input transformations often could
not be resolved reliably from source context alone. Con-
current execution and resource-management behaviors
were also difficult to analyze, particularly when correct-
ness depended on runtime ordering. We also observed
substantial overlap between external dependency failures
and dynamic behavior, indicating that these two sources
of difficulty are often coupled rather than independent.
Thus, future versions of DOTA would likely benefit from
improved integration of execution traces, runtime instru-
mentation, or environment-aware analysis.

7 Conclusion
We presented DOTA, a novel debugging framework that
blends multi-agent LLM reasoning with structured inte-
gration and automated inline documentation. Through
extensive experiments on the DebugBench dataset, we
demonstrated improved accuracy across all languages
and error types, with notable gains in logic and multi-
error scenarios. Our quantitative and qualitative anal-
yses show that improved debugging outcomes can be
achieved by combining multiple reasoning agents, se-
mantic guidance, and thorough verification against real-
world code conditions. Our results demonstrate the ef-
fectiveness of combining collaborative agent reasoning
with systematic documentation enhancement to advance
automated bug detection and program analysis. Al-
though DOTA represents a significant step forward, in-
tricate bugs remain a challenge.
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