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Abstract

As large language models (LLMs) evolve
into autonomous agents, evaluating Repository-
Level Reasoning, the ability to maintain logical
consistency across massive, interdependent file
systems, has become critical. Current bench-
marks typically fluctuate between isolated code
snippets and black-box evaluations. We present
REPOREASON, a white-box diagnostic bench-
mark centered on Abductive Assertion Verifi-
cation. To eliminate memorization while pre-
serving authentic logical depth, we implement
an Execution-Driven Mutation framework that
utilizes the environment as a Semantic Ora-
cle to regenerate ground-truth states. Further-
more, we establish a fine-grained diagnostic
system using dynamic program slicing, quan-
tifying reasoning via three orthogonal metrics:
ESV (Reading Load), MCL (Simulation Depth),
and DFI (Integration Width). Comprehensive
evaluations of frontier models (e.g., Claude-
4.5-Sonnet, DeepSeek-v3.1-Terminus) reveal
a prevalent Aggregation Deficit, where integra-
tion width serves as the primary cognitive bot-
tleneck. Our findings provide granular white-
box insights for optimizing the next generation
of agentic software engineering.

1 Introduction

The paradigm of software engineering is under-
going a fundamental shift: from human-centric
coding to agentic autonomous development (Jiang
et al., 2025; Hou et al., 2024). As Large Lan-
guage Models (LLMs) evolve into autonomous
software agents, the core competency required has
escalated from performing localized execution rea-
soning within isolated code snippets—akin to con-
trolled laboratory exercises—to maintaining log-
ical consistency across extensive, interdependent
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file systems—a capability we define as Repository-
Level Reasoning. This capability imposes pro-
found challenges on LLMs, demanding not only
code synthesis but also the agency to explore vast
contexts to pinpoint target definitions, aggregate
multi-source information across complex depen-
dencies, and perform long-chain reasoning to accu-
rately track and compute state mutations.

However, a critical gap exists between this grow-
ing demand and current evaluation methods. Exist-
ing benchmarks largely fall into two extremes. On
one side, function-level reasoning datasets, such
as CRUXEval (Gu et al., 2024) and REval (Chen
et al., 2024), study code execution reasoning within
isolated snippets. While these provide analyti-
cal rigor, they operate in a laboratory setting that
lacks the cross-file dependencies and complex ar-
chitectural contexts found in real-world software
engineering. On the other side, frameworks like
SWE-bench (Jimenez et al., 2024) evaluate agents
in wild repository environments but function as
black-boxes: they check whether a problem is
solved but offer little insight into why an agent
fails. Without detailed diagnosis, the path to im-
proving agent reasoning remains unclear.

To address this gap, we introduce RepoReason,
a repository-level code reasoning benchmark de-
signed as a white-box diagnostic tool. Unlike tra-
ditional generation tasks, RepoReason shifts to a
verification-centric approach: “Given the complex
execution history of this repository, what is the
current system state?’ By requiring models to
derive deterministic values that satisfy assertions
rather than writing implementation logic, we sep-
arate core logical reasoning from syntactic noise
(e.g., formatting errors, indentation slips, or API
name hallucinations). This ensures that every fail-
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ure reflects a genuine deficit in reasoning rather
than superficial coding errors.

To ensure the benchmark reflects real-world
complexity, we extract task instances from a cu-
rated set of mainstream Python repositories (e.g.,
toolz (Developers, 2025b), sympy (Team, 2025¢),
jinja2 (Pallets, 2025)), challenging models with
authentic, deep logic. Beyond static code extrac-
tion, we perform concrete execution of the reposito-
ries’ built-in unit test suites to capture granular run-
time traces. By designing structural metrics based
on these traces—such as stack depth, function call
density, and cross-file dependency breadth—we
quantitatively filter and retain only the most com-
plex reasoning tasks.

Constructing such a benchmark requires navigat-
ing between two distinct failure modes of current
evaluations: Spurious Correlation (guessing via
shallow patterns) and Rote Memorization (recalling
via pre-training data). To address this, we propose
a two-stage defense mechanism. First, to prevent
shortcut learning via visual pattern matching, we
reject raw trace values and instead identify Unit
Test Assertions as our semantic anchors. While
raw traces are often localized and easily inferred
from immediate code patterns, assertions function
as semantic milestones that encapsulate high-level
developer intent, strategically positioned to vali-
date the system state after complex logical opera-
tions. They force Abductive Reasoning (Josephson
and Josephson, 1994), requiring the model to re-
construct the preceding execution history across
complex call stacks to deduce the verified state.

However, a significant obstacle remains: many
assertions within these mainstream repositories’
unit tests have already been encountered by LLMs
during pre-training. This leads to a risk of data
leakage (Deng et al., 2024). To resolve this, we
implement an Execution-Driven Mutation method-
ology. We treat the code execution environment as
a Semantic Oracle. By keeping the reasoning logic
(the call graph filtered via structural metrics) intact
but perturbing the program inputs, we effectively
sever the model’s memory retrieval path. We then
re-execute the entire repository context to capture
the new ground-truth state, subsequently masking
these verified values to create cloze-style reasoning
tasks. Finally, to ensure these captured states are
objectively evaluable, we introduce a Determinis-
tic Value Protocol, which filters runtime data to
eliminate representational drift and ensure stable,
unique ground-truth values. This design ensures

that while the reasoning logic remains authentic
and complex, the specific state values are unmemo-
rized and deterministic.

Finally, through an extensive evaluation of
a diverse range of frontier models including
Claude-Sonnet-4.5 and DeepSeek-v3.1-Terminus,
we demonstrate that even top-tier agents face severe
performance degradation when confronted with
high-entropy logic. Our results unveil a critical
Aggregation Deficit where accuracy drops sharply
as integration width increases, as well as a CIliff
Effect in reading comprehension beyond 600 lines
and a significant loss of consistency beyond 100
execution steps. These insights highlight that next-
generation agents must transcend local reasoning
and focus on high-breadth information synthesis
and long-chain state consistency.

In summary, this paper makes the following con-
tributions:

* From Prediction to Abductive Verifica-
tion: We pioneer a repository-level reasoning
paradigm that pivots from direct outcome predic-
tion to abductive assertion verification. By cen-
tering tasks on masked assertions within interde-
pendent file systems, we successfully decouple
core architectural intelligence from surface-level
syntactic noise.

* The Semantic Oracle Framework: We resolve
the Richness-Contamination Dilemma through
an Execution-Driven Mutation framework. By
utilizing the execution environment as a Seman-
tic Oracle, we sever data leakage paths via input
perturbation and real-time state regeneration, en-
suring tasks remain logically authentic yet un-
memorized.

* White-box Diagnostic Instrument: Beyond
end-to-end scoring, we introduce a granular di-
agnostic system powered by dynamic program
slicing. We formalize three orthogonal cogni-
tive metrics (Reading Load, ESV; Simulation
Depth, MCL; Integration Width, DFI) that map
reasoning failures to specific cognitive bottle-
necks: context overload, state tracking deficits,
and aggregation barriers.

* Empirical Unveiling of Aggregation Deficits:
Through extensive evaluation of frontier mod-
els, we provide the first quantitative analysis
of agentic reasoning trajectories across mas-
sive codebases (up to 776k+ LoC). Our find-
ings identify DFI as the primary bottleneck for
next-generation agents, empirically confirming
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a severe aggregation deficit in information syn-
thesis.

2 Related Work

2.1 Code Generation

Existing code benchmarks have evolved from
function-level synthesis (e.g., HumanEval (Chen
et al., 2021), MBPP (Austin et al., 2021)) to class-
level and repository-level completion (e.g., ClassE-
val (Du et al., 2023), RepoBench (Liu et al., 2024)).
While these frameworks increasingly reflect real-
world complexity, they primarily target syntactic
completion—the ability to produce correct code
text. In contrast, RepoReason shifts the focus to
semantic reasoning. By requiring the deduction
of deterministic system states via assertion verifi-
cation, it isolates core logical reasoning from the
syntactic noise and hallucination risks inherent in
code generation.

2.2 Code Reasoning

Recent benchmarks like CRUXEval (Gu et al.,
2024) and REval (Chen et al., 2024) pioneered
execution reasoning but are largely confined to iso-
lated, lab-scale code snippets. While tools like
CORE (Xie et al., 2025) incorporate static analysis
tasks to evaluate reasoning, they lack the struc-
tural depth and code breadth (e.g., deep inheritance,
cross-module imports) characteristic of large-scale
projects. RepoReason bridges this gap by apply-
ing deep execution simulation to massive reposi-
tory scopes, challenging models to maintain logical
consistency across extensive file systems.

2.3 Agentic Software Engineering

At the highest level, SWE-bench (Jimenez et al.,
2024) evaluates agents on resolving GitHub is-
sues. However, as an end-to-end evaluation, it
acts as a black-box indicator of success or fail-
ure. RepoReason complements this by targeting
the cognitive root causes of failure. By decou-
pling reasoning from code editing and utilizing fine-
grained metrics (ESV, MCL, DFI), it provides the
white-box diagnostic insights required to pinpoint
an agent’s specific bottlenecks in context handling
or multi-source integration.

2.4 Summary Comparison

Table 1 provides a multi-dimensional comparison
between RepoReason and mainstream code bench-

marks, highlighting its unique advantages in diag-
nostic depth and structural complexity.

3 RepoReason: Design and Construction

In this section, we delineate the methodological
framework of RepoReason, conceptualizing the
construction pipeline as a rigorous five-phase de-
fense system. Our objective is to transform au-
thentic software logic into white-box diagnostic
tasks while systematically neutralizing systemic
vulnerabilities: spurious correlation, rote memo-
rization, and logical superficiality. As illustrated
in Figure 1, the pipeline orchestrates sequential
gates: (1) Repository Curation to ensure environ-
mental fidelity; (2) Structural Filtering via runtime
traces to guarantee logical depth; (3) Execution-
Driven Mutation to eliminate parametric leakage;
(4) Task Instantiation governed by a deterministic
value protocol for stability; and (5) Diagnostic Eval-
uation establishing fine-grained cognitive profiles.
This integration ensures that each task instance ne-
cessitates authentic repository-level reasoning and
robust state tracking, effectively precluding resolu-
tion via shallow pattern matching.

3.1 Design Philosophy: Assertions as
Semantic Anchors

We explicitly reject two prevailing paradigms: tra-
ditional Input/Output (I/O) Prediction and Raw
Trace Querying.

I/O Prediction Inefficiency: The traditional I/O
Prediction paradigm (Gu et al., 2024; Chen et al.,
2024), while effective for isolated algorithmic puz-
zles, is fundamentally ill-suited for repository-level
reasoning. In authentic software ecosystems, run-
time data structures, such as SymPy’s symbolic
expression trees or NetworkX’s graph topologies,
are often voluminous and complex, lacking the
clear, concise boundaries found in synthetic tasks.
Consequently, verifying the entire output state is in-
herently inefficient and noise-laden, as a significant
portion of the data consists of dynamic metadata or
irrelevant state rather than the target logic.

Spurious Correlation in Raw Traces: A
straightforward approach might involve randomly
querying variable values at specific locations (e.g.,
“What is the value of variable z at line 10?”’). How-
ever, this paradigm of raw trace querying is funda-
mentally flawed for evaluating deep reasoning. It
suffers from shortcut learning, as models can often
retrieve answers through shallow static analysis of
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Table 1: Comparison of RepoReason with existing code reasoning and understanding benchmarks.

Benchmark Repo-Lvl Scale (LoC) Evaluation Paradigm Metric Granularity Diagnostic Depth
HumanEval (Chen et al., 2021) X ~10 Code Generation Pass/Fail Black-box

MBPP (Austin et al., 2021) X ~10 Code Generation Pass/Fail Black-box
ClassEval (Du et al., 2023) X ~40 Code Generation Pass/Fail Black-box
CRUXEval (Gu et al., 2024) X ~10 Execution Prediction Pass/Fail Black-box

REval (Chen et al., 2024) X ~10-40 Runtime Behavior Pass/Fail White-box (Local)
CORE (Xie et al., 2025) X 21-100 Static Analysis Pass/Fail White-box (Static)
SWE-bench (Jimenez et al., 2024) v 1k — 1M+ Issue Resolution Pass/Fail Black-box
RepoReason (Ours) v 1.2k - 775k+ Assertion Verification Cognitive Metrics = White-box (Global)
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Figure 1: The overall architecture and multi-stage pipeline of RepoReason, encompassing repository curation,
structural filtering, execution-driven mutation, task instantiation, and diagnostic evaluation.

nearby assignment statements, bypassing the need
for genuine execution simulation.

The Solution: Assertions as Semantic An-
chors. To overcome these pitfalls, we identify unit
test assertions as the optimal semantic units for in-
stantiation. Assertions are not random data points;
they are crystallized checkpoints of developer in-
tent, strategically placed to verify critical state tran-
sitions after complex operations. By targeting as-
sertions, we filter out implementation noise and
focus solely on the logical invariants of the system.
We employ a Mask-and-Reason strategy: we take
a valid assertion (e.g., assert len(cache) ==
5) and mask the ground truth value (e.g., assert
len(cache) == <mask>). This transforms the task
into Abductive Reasoning: the model cannot find
the answer by reading the immediate text. Instead,
it must mentally reconstruct the preceding execu-
tion history, tracing data flows across files and sim-
ulating state mutations, to deduce the only logical
value that satisfies the verification condition.

3.2 Foundation: Real-world Repository
Curation

To ensure that our semantic anchors are grounded
in reality, we curated a set of mature, actively
maintained Python repositories. This stage ensures
the fidelity of our benchmark, providing the com-
plex, cross-file dependency structures that synthetic
datasets lack.

3.2.1 Repository Selection

We selected mature, actively maintained, and pre-
dominantly pure Python open-source projects from
PyPI and GitHub. Our selection specifically tar-
gets libraries where the core logic is implemented
in Python, enabling complete line-level tracing
via sys.settrace. Libraries with substantial
C/C++/Cython extensions (e.g., NumPy, Pandas,
PyTorch, scikit-learn) were explicitly excluded, as
their core computational routines remain opaque to
Python-level instrumentation.

The selected repositories cover diverse reason-
ing domains and exhibit diverse complexity, with
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codebases ranging from approximately 1,200 to
over 775,000 lines of code (LoC). This deliberate
variation allows for a comprehensive evaluation of
LLMs’ code reasoning capabilities across different
scales and perspectives. Detailed description and
statistics are shown in Table 5, Section A.

3.2.2 File-Level Semantic Filtering

Test selection prioritizes cases requiring multi-
step semantic reasoning over superficial pattern
matching. We manually review source code at
the file level to screen all test modules. This ini-
tial stage aims to filter out low-value assertions
and ensure Deterministic Verifiability. We sys-
tematically excluded test files falling into three
specific categories: (1) Trivial API Validation,
comprising simple attribute access (e.g., assert
url.scheme == ’http’), direct dictionary oper-
ations without cross-module dependencies (e.g.,
assert d.get(’key’) == ’value’), and meta-
data introspection lacking computational reasoning
(e.g., assert num_required_args(lambda x:
None) == 1); (2) Shallow Computation Patterns,
including direct formula application or lookup ta-
bles (e.g., assert quote(’a b’) == ’a%20b’),
simple string manipulation without state complex-
ity, and local transformations requiring no cross-
module reasoning (e.g., assert x + @ == x); and
(3) Non-deterministic or External Dependencies,
such as tests relying on randomness (e.g., assert
random.choice(seq) in seq) or external tim-
ing or system state (e.g., assert time.time() >
start).

3.3 Countering Memorization: The
Execution-Driven Mutation Engine

The second line of defense addresses Rote Memo-
rization. Since powerful LLMs have likely memo-
rized public codebases, using raw GitHub code
leads to data contamination. Our Execution-
Driven Mutation framework serves as an Anti-
Contamination Engine, creating parallel reasoning
realities that preserve logic but alter facts.

Unified Semantic and Logic Mutation. We em-
ploy a unified mutation strategy utilizing a teacher
LLM. In a single step, the model performs both
visual changes (e.g., renaming variables, restruc-
turing code, and removing comments) and logic
changes (e.g., modifying constants, input data, and
parameters) (Jia and Harman, 2011). This com-
bined approach ensures the mutated code is correct
and readable, while effectively removing visual

clues and invalidating memorized answers. Cru-
cially, it strictly preserves the original API call
sequence to the target library to maintain invariant
reasoning complexity.

Execution-Driven Ground Truth Regenera-
tion. To ensure the correctness of mutated tests
and avoid LLMs hallucinations, we designed an
Execution-Driven Assertion Reconstruction frame-
work. First, we use Probe Injection, where the
LLMs converts original assertions into print state-
ments formatted as DEBUG_RESULT, turning the test
into code that outputs its internal state. Next, we
run this code in a controlled environment to cap-
ture the actual Runtime Values produced by the
logic changes. These values serve as the ground
truth, derived directly from code execution rather
than model guessing. Finally, we perform Style-
Consistent Assertion Generation. Using the cap-
tured values and the original code’s style as guides,
the LLMs reconstructs the assertions. It mimics the
original writing patterns, for example, keeping is
for object identity checks instead of changing to ==,
or using specific constructors like FiniteSet(1,
2) instead of native sets like {1, 27}. This ensures
the new ground truth is mathematically accurate
and matches the original codebase’s style.

Strict Validation Gate. We enforce a strict vali-
dation process. A mutated test is considered valid
only if it meets three criteria: (1) Executability,
where the code runs without errors; (2) Assertion
Validity, ensuring new assertions pass against the
mutated logic; and (3) API Preservation, where the
API call sequence matches the original test. Any
variant failing these checks is discarded, ensuring
all tasks in RepoReason are solvable, deterministic,
and maintain original reasoning depth.

3.4 Countering Superficiality: Trace-Based
Structural Filtering

The third defense targets Logical Superficiality.
Even in complex repositories, many tests remain
shallow. To ensure RepoReason evaluates genuine
Repository-Level capabilities, we employ Trace-
Based Structural Filtering (Phase 2) to identify
tasks with sufficient logical depth.

Trace Collection. With the mutated test cases
ready, we capture their runtime behavior using a
lightweight tracing system based on Python’s built-
in sys.settrace() function, which enables line-
level execution tracking. Our system records the
complete sequence of function calls during the ex-
ecution of the mutated tests, capturing granular
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details including function names, module paths,
line numbers, call order, call stack depth, function
source code, input arguments, return values, and
executed lines within each function. Critically, to
eliminate noise, we automatically identify the test
function as the entry point and focus strictly on
the target library’s execution path. Furthermore,
to prevent infinite recursion and ensure data man-
ageability, we enforce a maximum call depth of 3,
where the test function itself is defined as depth 0.

Function-Level Structural Filtering and Com-
plexity Grading. Instead of traditional hard thresh-
olds, we implemented a weighted scoring system
based on captured traces to identify high-density
test cases. We calculated a complexity score for
each test function:

Nﬁ]e< Nfuncs
= Nl 2
Score (4 ><0)+(15 ><O>
Ncalls D
+ ( 30 X 0.5) + (Z X 0.2)

This formula prioritizes computational inten-
sity (Call Count, 50%) and execution depth (Stack
Depth, 20%), while balancing coverage breadth
(Function Count, 20%) and cross-module depen-
dencies (File Count, 10%). The baselines (Ngjes =
4, Nfunes = 15, Neanis = 30, D = 4) are calibrated
to the empirical distribution of the target reposi-
tories. We primarily select tests rated 3 stars or
higher (Score > 0.30), filtering out approximately
13% of trivial test cases.

M

3.5 Countering Ambiguity: The Deterministic
Value Protocol

To ensure reproducibility and eliminate evalua-
tion noise, we introduce the Deterministic Value
Protocol. This protocol enforces that ground-
truth answers are unique and stably representable
through two programmatic filtering funnels (cover-
ing ~90% of samples):

Semantic Determinism Funnel: Automatically
filters samples with inherent uncertainty, including:
(1) representational drift (e.g., strings containing
random memory addresses); (2) external pertur-
bations (e.g., non-deterministic signals like times-
tamps or UUIDs); and (3) multi-solution semantics
(e.g., range comparisons like assert x > 10).

Morphological Determinism Funnel: Man-
dates that masked values represent concrete run-
time states rather than arbitrary code text. A
whitelist priority is established: Literals > Global
Constants > Parameter-Resolvable Constructors.

As a special case, sympy allows complex math-
ematical expressions (e.g., Rational(33, 2) -
Rational (11, 2)*sqrt(3)) as valid answers, as
the expression itself serves as the standard storage
form. Pure variable references or dynamic function
calls are strictly rejected.

For descriptive variables used by developers
(e.g., assert result == expected), the system
activates an LLLM Variable Resolver to unfold ab-
stract references into runtime-verified literal forms,
ensuring evaluation is anchored to deterministic
system states.

3.6 Cognitive Diagnostic Framework

To quantify the intrinsic reasoning complexity
of a task, we perform dynamic program slicing
(Agrawal and Horgan, 1990) rooted at the assertion
to obtain the minimal causal computational sub-
graph along the actual execution path. Dynamic
cross-function backward slicing is obtained by trac-
ing back from the assertion along data and control
dependencies within a recorded execution trace to
isolate the minimal set of statements that causally
influence the observed result. Based on this sub-
graph, we characterize reasoning intensity using
three mutually orthogonal metrics rooted in cogni-
tive load theory (Sweller, 1988).

1. Reading Load (ESV — Effective Sliced Vol-
ume): Measures the causally relevant source code
volume required to process. We quantify the source
volume of computational units (functions/methods)
in the slice rather than simple slice line counts, as
reasoning requires restoring semantic context (pa-
rameters, constraints, preconditions) within stable
boundaries. Failures at high ESV signify Compre-
hension Failure rooted in Context Overload, where
the agent loses semantic focus across the extended
causal chain.

2. Simulation Depth (MCL — Mutation
Chain Length): Measures the number of dynamic
state update steps required to reach the target state.
We treat each causally relevant statement in the
dynamic slice as a state advancement atomic step
and sum them weighted by execution frequency.
This metric reflects the difficulty of maintaining a
virtual machine state. Significant performance dete-
rioration at high MCL indicates Simulation Failure
stemming from a State Tracking Deficit, where the
agent struggles to accurately synchronize variable
states through complex sequences, leading to the
breakdown of deep simulation.

3. Integration Width (DFI — Dependency

8850



Fan-in): Measures the number of independent up-
stream logical inputs that collectively determine
the critical value at an assertion. It quantifies log-
ical inputs consumed by the execution subgraph
but generated outside of it, while explicitly filtering
out structural noise such as language keywords or
module imports. Performance degradation at high
DFlI reveals an Integration Failure caused by an Ag-
gregation Deficit in synthesizing disparate logical
sources into a coherent conclusion.

4 Experimental Evaluation

To validate the diagnostic effectiveness of RepoRe-
ason, we conducted a comprehensive evaluation
using state-of-the-art LLMs.

4.1 Experimental Setup

Agent Framework. We utilized OpenHands (ver-
sion 0.60.0) (Team, 2025a) as our evaluation plat-
form. Specifically, we configured the ReadOnlyA-
gent for all tasks. This agent configuration is re-
stricted to file system exploration and code read-
ing operations, preventing any modification to the
repository. This setup perfectly aligns with the
verification nature of RepoReason, isolating the
model’s ability to “read, navigate, and reason” from
its ability to “edit or plan.”

Model Selection. We evaluated a diverse set
of frontier models representing the latest advance-
ments in code reasoning: the Claude Family
(claude-sonnet-4.5 (Anthropic, 2025)), the GPT
Family (gpt-5.2 (OpenAl, 2025)), the DeepSeek
Family (deepseek-3.1-terminus (DeepSeek-Al,
2025)), the Kimi Family (Kimi-K2 (Al 2025)),
and the Qwen Family (qwen3-coder-480b-a35b
(Team, 2025b)).

Inference Configuration. To ensure repro-
ducibility and eliminate generation randomness,
we set the temperature to O for all model evalua-
tions. Additionally, to accommodate the potentially
lengthy reasoning chains required for repository-
level tasks, we set the maximum generation length
(max_tokens) to 8192 for each inference step.

4.2 Overall Performance: Accuracy across
Repositories and Difficulty Levels

We report the Pass@1 accuracy of the four model
families across the seven selected repositories. To
control for task variance, results are stratified into
Easy (N = 1009), Medium (/N = 838), and Hard
(N = 645) groups. Task difficulty is annotated per

Table 2: Overall Agent Accuracy by Difficulty (%).
Bold = best; underline = second.

Model Overall Easy Medium Hard
Claude-Sonnet-4.5 66.98 80.27 66.79 47.39
DeepSeek-v3.1-Terminus  60.96 74.03 60.02 41.71
GPT-5.2 56.86 7592 53.94 30.85
Kimi-K2 5474 69.38 51.79 35.66
Qwen3-Coder-480B 50.56 61.35 49.16 35.50

instance by an independent LLM (GPT-5.2) dur-
ing the generation phase using a structured prompt
based on Al reasoning complexity, independent of
the evaluated models: Easy—basic Python knowl-
edge, direct code reading, minimal state tracking;
Medium—non-trivial API behavior, simple state
mutations, control flow loops; Hard—deep domain
knowledge, multi-layer dependencies, extensive
state tracking, or metaprogramming. The complete
classification prompt is provided in Appendix L
The total sample size is Overall (/N = 2492).

Table 2 summarizes the overall performance of
the agents. All models exhibit a clear performance
degradation from Easy to Hard tasks, with Claude-
Sonnet-4.5 maintaining the highest accuracy across
all difficulty levels.

Through a detailed analysis of Table 3, we ob-
serve three distinct categories:

1. Explicit Algorithmic Patterns (Cachetools
and Toolz): In repositories such as cachetools
and toolz, models demonstrate robust and con-
sistent performance, with mean accuracies rang-
ing from 78.00% to 82.00%. These libraries pri-
marily rely on standard algorithmic paradigms—
such as cache eviction and functional data flows—
characterized by high logical locality and linear ex-
ecution transitions. The results indicate that LLMs
have effectively mastered these procedural patterns,
which currently define the cognitive comfort zone
for agentic reasoning.

2. Implicit Metaprogramming Logic (Attrs
and Jinja2): attrs and jinja2 exhibit a signifi-
cant performance stratification. Taking attrs as
an example, which relies heavily on decorators for
implicit class generation (e.g., the dynamic injec-
tion of __init__ methods), the performance gap
between Claude (72.41%) and Kimi-K2 (43.10%)
reveals a fundamental divergence in the internaliza-
tion of the Python dynamic object model. Frontier
models demonstrate the capacity to model runtime
behaviors that remain invisible as explicit code
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Figure 2: Performance trajectories of frontier LLM agents across three orthogonal cognitive metrics: (a) Effective
Sliced Volume (ESV), (b) Mutation Chain Length (MCL), and (c) Dependency Fan-in (DFI).

lines in static text, whereas other models show a
marked deficiency when logic is generated pro-
grammatically rather than defined literally.

3. High-Entropy Symbolic and Structural
Reasoning (SymPy and NetworkX): sympy and
networkx represent the primary reasoning ceiling
for current agents. Symbolic transformations in
sympy involve abstract, non-linear logical transi-
tions that frequently cause reasoning chains to
deviate. At the same time, networkx requires
high structured working memory to track complex
graph topologies. Claude’s superior performance in
networkx (79.77%) confirms its advanced ability
to maintain accurate state snapshots during com-
plex traversals without experiencing memory decay
or structural confusion.

Table 3: Agent Accuracy Breakdown by Repository (%).
Bold = best; underline = second.

Model cache toolz yarl netx jinja  attrs symp

(193) (3200 (192) (404) (325) (58) (1000)
Claude-4.5 79.79 8281 78.65 79.77 6746 7241 51.10
Deep-3.1 7824 7719 70.83 6337 7415 62.07 45.20
GPT-5.2 7876  72.19 81.77 65.10 6646 6552 36.00
Kimi-K2 78.76  62.81 52.08 70.54 60.92 43.10 39.60
Qwen3-Coder 7098 62.81 59.90 5743 5538 43.10 37.00

4.3 Diagnostic Analysis via Cognitive Metrics

To provide a systematic white-box diagnosis of
agentic code reasoning, we analyze model perfor-
mance across three orthogonal cognitive dimen-
sions: Reading Load (ESV), Simulation Depth
(MCL), and Integration Width (DFI).

Figure 2 visualizes the performance trajectories
of all model families as a function of the three
cognitive intensity metrics. We observe a consis-

tent and pronounced inverse relationship across all
axes: accuracy systematically degrades as ESV,
MCL, and DFI increase. This trend empirically
validates our diagnostic framework, demonstrating
that RepoReason effectively quantifies the escala-
tion of cognitive load in repository-level reasoning
and serves as a robust discriminator for architec-
tural intelligence.

A comparative analysis of the decline slopes
identifies DFI as the primary cognitive bottleneck
for next-generation software agents. The slope of
performance degradation is steepest along the DFI
axis across all models. When DFI exceeds 20 inde-
pendent upstream sources, accuracy for most mod-
els, with the exception of Claude, falls below the
40% threshold, revealing an Aggregation Deficit:
agents struggle to parallelly hold and synthesize
constraints from multiple disparate logical sources.

Regarding context processing, we identify a
clear “Cliff Effect” in ESV. Performance remains
relatively stable in lower context ranges but exhibits
a sharp decline once the volume of causally rele-
vant computational units exceeds 600 LoC. This
threshold marks the transition into Context Over-
load, where agents fail to maintain semantic focus
across the sliced causal chain. Similarly, for MCL,
we observe a significant deterioration in logical
consistency beyond 100 execution steps.

Table 4 provides the precise Pearson correla-
tion coefficients for these trends. The statistical
evidence confirms that while reading load and up-
date depth are significant factors, DFI exhibits the
strongest negative correlation with accuracy, reach-
ing —0.234 for GPT-5.2. This confirms that In-
tegration Failure is the most severe obstacle in
repository-level reasoning, necessitating that future
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research prioritize enhancing agents’ capabilities
in high-breadth information synthesis.

Table 4: Pearson Correlation between Cognitive Metrics
and Accuracy. Bold = strongest per row.

Model ESV MCL DFI

GPT-5.2 —0.188  —0.158  —0.234
Claude-Sonnet-4.5 —-0.161  —0.122  —0.225
DeepSeek-v3.1-Terminus —0.152  —0.122  —0.157
Kimi-K2 —0.130 —-0.117  —0.195
Qwen3-Coder-480B —0.148  —0.154  —0.196

Analysis of Table 4 reveals distinct cognitive
profiles for each model family, highlighting unique
architectural trade-offs. DeepSeek-v3.1 emerges
as the most architecturally balanced model, show-
ing exceptional robustness against high Integration
Width (DFI, —0.157), whereas Claude-4.5 excels
in simulation depth but remains fragile in multi-
source integration (—0.225). Furthermore, while
Owen3-Coder demonstrates superior resilience to
context volume (ESV, —0.148) and performs op-
timally in handling large-scale contexts, its state-
tracking consistency lags behind the leaders, and
GPT-5.2 remains globally the most vulnerable
model across all dimensions.

While the three metrics exhibit conceptual or-
thogonality, they correlate numerically in real-
world codebases. To isolate the primary bottleneck,
we conducted a partial correlation analysis across
all models. Even after controlling for ESV and
MCL, DFI maintains a highly significant partial
correlation with accuracy (r = —0.127,p < 1079),
whereas the partial correlations for ESV and MCL
become statistically insignificant. This confirms
DFI as the true primary barrier to repository-level
reasoning.

To concretize this finding, we examine two rep-
resentative high-DFI failures in detail (full cases in
Appendix G). In Jinja2’s test_groupby_default
(DFI=16), the agent correctly inferred the default
parameter semantics but failed to integrate the
implicit sorting step of groupby, producing two
disjoint groups instead of one merged group. In
NetworkX’s test_all_simple_paths (DFI=10),
the agent accurately constructed the graph topol-
ogy and enumerated paths but completely ignored
the cutoff=2 constraint, returning paths with 3—
4 edges. Both cases exhibit a common partial
integration followed by breakage pattern: agents
successfully process initial information layers but

systematically drop final constraints as the number
of independent sources grows. This mechanistic
evidence corroborates the statistical finding that
DFI is the primary cognitive bottleneck.

4.4 Ablation Study

To quantify the impact of our benchmark design
choices, we conduct two ablation studies on the
DeepSeek-v3.1-Terminus agent. First, we evaluate
the Execution-Driven Mutation Engine (EDME).
Without EDME (evaluating on unmutated, origi-
nal repository code), the agent achieves 73.15%
accuracy, which drops significantly to 60.96% with
EDME enabled. This exposes a Pairwise Memo-
rization Rate (MR = Pr(pass;, A —passy,)) of
10.71%, validating EDME’s effectiveness in miti-
gating data contamination. Second, we assess the
Structural Filtering phase. By comparing unfiltered
assertions against our filtered subset, we observe
substantial increases in average task complexity
across all metrics: mean ESV rises from 327.6
to 393.6 (+20.1%), mean MCL from 85.3 to 93.9
(+10.1%), and mean DFI from 6.0 to 8.3 (+38.3%).
This confirms that our filtering mechanism suc-
cessfully isolates the most cognitively demanding
reasoning tasks.

5 Conclusion

We presented REPOREASON, a white-box diag-
nostic benchmark for evaluating repository-level
code reasoning in LLM agents. By centering on
Abductive Assertion Verification and leveraging an
Execution-Driven Mutation framework that treats
the runtime environment as a Semantic Oracle, we
ensure that tasks are both logically authentic and
resistant to data contamination. Our fine-grained
diagnostic system, built on dynamic program slic-
ing, quantifies reasoning complexity through three
orthogonal cognitive metrics: Reading Load (ESV),
Simulation Depth (MCL), and Integration Width
(DFI). Comprehensive evaluations of frontier mod-
els reveal a prevalent Aggregation Deficit, where
integration width serves as the primary cognitive
bottleneck, alongside a Cliff Effect in reading com-
prehension beyond 600 lines and significant consis-
tency loss beyond 100 execution steps. These find-
ings provide actionable insights for the next gener-
ation of agentic software engineering systems.
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6 Limitations

Despite the rigorous design of RepoReason, we
identify several areas for future refinement:

Language Scope: Currently, RepoReason fo-
cuses primarily on Python. Although Python re-
mains the de facto standard for Al-native develop-
ment and LLM research, extending this benchmark
to languages such as Java, C++, and Rust is a pri-
ority for future work. We address this potential
limitation by ensuring that our system architecture
is built on standard profiling interfaces, which are
conceptually portable to other language ecosys-
tems, thereby enabling our white-box diagnostic
paradigm to cover a broader range of programming
environments.

Logical Depth Relative to Base Tests: The
reasoning depth of the generated tasks is partially
limited by the complexity of the original reposi-
tory’s test suites. We ensure foundation quality by
curating mature projects with exceptionally high
test coverage and complexity. The mutation en-
gine then evolves these human-written fixed tests
into vast permutations of reasoning scenarios, sig-
nificantly enhancing task diversity. Incorporating
adversarial test generation techniques (Shi et al.,
2026) to augment the source test pool is a promis-
ing future direction.

Trace Depth Optimization: We employ a maxi-
mum call depth limit (max_call_depth=3) during
dynamic trace extraction. Our analysis reveals that
removing this limit inflates trace volume by 6.2x
overall, predominantly introducing low-level in-
frastructure functions (e.g., AST traversers, magic
methods) that contribute minimally to semantic un-
derstanding. Thus, the depth limit serves as a cru-
cial signal-to-noise ratio optimization rather than
an artificial restriction on reasoning capacity.

LLM Participation in Pipeline: While our data
construction pipeline utilizes LLMs, their involve-
ment is strictly constrained to two of the five stages
(mutation generation and fallback variable resolu-
tion, covering ~10% of samples). Crucially, all
ground-truth state values are captured through con-
crete code execution, not LLM generation. This
hybrid approach ensures that potential model bi-
ases do not compromise the objective validity of
the evaluation targets.

7 Ethics Statement

RepoReason is constructed entirely from public
repositories with open-source licenses that permit

research and software usage. During data collec-
tion and evaluation, we do not collect metadata
regarding repository pull request authors or indi-
vidual contributors, and our pipeline utilizes only
publicly available information accessible via stan-
dard APIs. Our work did not involve human subject
participation; we did not crowdsource or recruit hu-
man workers for any stage of the benchmark con-
struction. All manual validation of task instances,
environment setup, and metric calibration were con-
ducted solely by the authors.
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A Repository Selection and Statistical
Overview

Table 5 presents the detailed statistics and core
reasoning scenarios for our selected repositories,
where lines of code (LoC) are measured using the
cloc tool and specifically represent source code by
excluding configuration files, documentation, and
metadata.

B Other Statistics from Experiment and
Dataset

B.1 Diagnostic Insights: Reasoning Scope

Figure 3 illustrates the impact of reasoning scope
on agent performance. We observe a consistent per-
formance decay as the task transitions from Intra-
file Isolation to Repository-Wide Synthesis. This
downward trend quantifies the Retrieval Failure
described in our diagnostic framework, highlight-
ing a significant Spatial Deficit in current agents’
ability to locate and navigate long-distance depen-
dencies across the repository architecture. Notably,
cross-file reasoning tasks constitute the vast major-
ity of RepoReason, further emphasizing its authen-
tic repository-level nature.
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Table 5: Statistics and Key Reasoning Scenarios of
Selected Repositories

Repository LoC Tests Core Reasoning Com-

plexity

cachetools

(Kemmer, 2025) 1.2k 88 Cache eviction (LRU/L-

FU/TTL), state manage-
ment

yarl

(Svetlov, 2025) 2.3k 369 URL parsing, normaliza-

tion, codec consistency

toolz

(Developers, 2025b) 3.7k 92 Func. flow, lazy evalua-

tion, high-order logic
attrs

(Schlawack, 2025) 6.3k 209 Metaprogramming, class

gen, attribute validation
.zglajlillezts 2025) 14k 527 Template compilation,
7 lexical parsing, context

flow

networkx

(Developers, 2025a) 67k+ 534 Graph traversal, central-

ity, complex connectivity

Ssympy

(Team, 2025¢) 776k 913 Symbolic math, solver

logic, recursive calculus

distribution ensures that RepoReason provides suf-
ficient data points across various complexity levels
for fine-grained diagnostic analysis.

B.3 Partial Correlation Analysis of Cognitive
Metrics

While ESV, MCL, and DFI exhibit conceptual or-
thogonality (measuring reading comprehension, se-
quential simulation, and multi-source synthesis, re-
spectively), they naturally correlate in real-world
codebases where complex tasks demand simulta-
neous scaling across all cognitive dimensions. To
isolate the independent contribution of each metric,
we conducted a partial correlation analysis on GPT-
5.2 accuracy (N = 2492), controlling for the other
two metrics in each case (Table 6).

Table 6: Partial Correlation of Each Metric with Accu-
racy, Controlling for the Other Two (N = 2492, GPT-
5.2)
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Figure 3: Performance of LLM agents across different
reasoning scopes.

B.2 Dataset Characteristics: Cognitive
Metrics Distribution

Figure 4 illustrates the empirical distribution of
the three cognitive metrics across the RepoReason
dataset. All metrics exhibit a characteristic long-
tail distribution, indicating a wide range of task dif-
ficulties. The Effective Sliced Volume (ESV) distri-
bution (1 = 393.6, 0 = 706.3) shows that a signif-
icant portion of tasks require navigating hundreds
or thousands of lines of code. The Mutation Chain
Length (MCL) distribution (u = 93.9,0 = 198.0)
highlights the depth of state tracking required,
while the Dependency Fan-in (DFI) distribution
(u = 8.3,0 = 7.5) captures the integration com-
plexity of multi-source information. This diverse

Metric Controlled For Partial r p-value
ESV MCL, DFI —0.004 0.835
MCL ESV, DFI —0.021 0.310
DFI ESV, MCL —0.127 1.03 x 10~°

After controlling for ESV and MCL, DFI main-
tains an independent and highly significant nega-
tive correlation with accuracy (r = —0.127,p <
10~Y), whereas the partial correlations for ESV
(r = —0.004) and MCL (r = —0.021) become
statistically insignificant. This confirms that inte-
gration width constitutes a unique cognitive bottle-
neck distinct from general task difficulty or reading
load.

B.4 Robustness Analysis: Temperature
Sensitivity

To verify the stability of our findings against gen-
eration hyperparameters, we conducted a supple-
mentary experiment using Claude-Sonnet-4.5 un-
der both greedy decoding (temperature=0) and
default sampling (temperature=1.0). Table 7
presents the repository-level accuracy changes.
The overall accuracy shift is minimal (+1.00pp).
Crucially, the Pearson correlations between accu-
racy and the three cognitive metrics remain remark-
ably stable (Table 8), demonstrating that the ob-
served aggregation deficit and cliff effects are struc-
tural failures of the model architecture, rather than
artifacts of decoding strategies.
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Figure 4: Empirical distribution of the three cognitive metrics across the RepoReason dataset: (a) ESV, (b) MCL,

and (c) DFL.

Table 7: Claude-Sonnet-4.5 Accuracy (%):
temperature=0 vs. 1.0

Repository T=0 T=1.0 A (pp)
attrs 72.41 74.14 +1.73
cachetools 79.79 79.79 0.00
jinja2 67.46 68.92 +1.46
networkx 79.77 80.20 +0.43
sympy 51.10 52.70 +1.60
toolz 82.81 83.44 +0.63
yarl 78.65 80.73 +2.08
Overall 66.98 67.98 +1.00

Table 8: Stability of Metric-Accuracy Pearson r

Correlation T=0 T=1.0 A

ESV — Accuracy —0.158 —0.170 —0.012
MCL - Accuracy  —0.137 —0.142 —0.005
DFI — Accuracy —0.218 —0.229 —0.011

C Technical Specification of the Agentic
Search Framework

This section details the implementation of the
Agentic Search evaluation framework, focusing
on the specialized prompt engineering for the
ReadOnlyAgent and the robust evaluation mech-

anisms used to verify repository-level reasoning.

C.1 Agentic Search Prompting Strategy

The framework utilizes a template-driven approach
to construct tasks for the Agent. As illustrated in
Box 1, the prompt is structured to provide neces-
sary execution context while enforcing strict output

constraints.
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Agentic Search Task Prompt Template

Task: Fill in the blank in the Python test code.

Blank Assertion:
[Blanked_Assertion_Statement]

Hint:

[Type_Specific_Hint] (e.g., "The answer MUST be a
string literal" or "MUST be a constructor call from the
source code").

Instructions:
The °__’ in the assertion represents a missing
expression (variable name, function call, or literal).

You are a ReadOnlyAgent. You can read files and search
the code in the repository to infer what this expression
should be.

Note: Test function code is not visible in the repository,
but you can explore the source code functions called by
the test and reason to complete the fill-in-the-blank task.

Context:
- Test function source code:

[Source_Code_with_Question_Marker]

- Input parameters: [JSON_Serialized_Inputs]
Note: The missing expression is likely related to the
input parameters or variables defined in the test or the
code being tested.

Goal:

Find the exact expression that should replace ’___’.
When you are confident, use the finish tool with the
answer.

IMPORTANT: The finish tool’s content MUST con-

tain ONLY the answer expression itself, nothing else.

Examples:

e If the answer is a variable:
"result”

o If the answer is a function call: finish with content
"len(items)”

* If the answer is a string: finish with content ’ "hello

» If the answer is an attribute access: finish with content
"C.__attrs__attrs__[1].validator"”

Do NOT include explanations, reasoning, or any other

finish with content

"y




text in the finish tool content. Only the answer expres-
sion.

C.1.1 Concrete Example: Literal Integer
Answer

We present a real prompt instance from the ca-
chetools repository to illustrate the complete Agen-
tic Search prompt structure. This example demon-
strates a literal integer answer (not a variable ref-
erence), where the Agent must infer the value 2 by
reasoning about cache operations.

Real Agentic Search Prompt Example

Task: Fill in the blank in the Python test code.

Blank Assertion:
assert ___ == len(cache)

Hint:
CRITICAL REQUIREMENT: The answer MUST be
a literal integer value.

IMPORTANT: Return ONLY the literal value, NOT an
expression or variable name.

Type-specific examples:

* Boolean: True or False (NOT ’x ==y’ or "bool(x)’)

* String: "hello" (NOT ’str_var’ or ’x.name’)

¢ Number: 42 (NOT ’num_var’ or ’len(x)’)

e List: [1, 2, 3] (NOT ’list_var’ or ’list(x)’)

e Dict: {"a": 1} (NOT ’dict_var’ or ’dict(x)’)
Instructions:

The °___’ in the assertion represents a missing
expression (variable name, function call, or literal).

You are a ReadOnlyAgent. You can read files and search
the code in the repository to infer what this expression
should be.

Note: Test function code is not visible in the repository,
but you can explore the source code functions called by
the test and reason to complete the fill-in-the-blank task.

Context:
- Test function source code:
def test_update(self):
cache = self.Cache(maxsize=2)

cache.update({1: 1, 2: 2})

assert ___ == len(cache) # Question
assert ___ == cache[1]
assert ___ == cache[2]

cache.update({1: 1, 2: 2})

assert ___ == len(cache)
assert ___ == cache[1]

assert ___ == cache[2]
cache.update({1: "a", 2: "b"})
assert ___ == len(cache)
assert ___ == cache[1]

assert ___ == cache[2]

- Input parameters: {"self”: "<LRUCacheTest>"}

Note: The missing expression is likely related to the
input parameters or variables defined in the test or the
code being tested.

Goal:

Find the exact expression that should replace ’___’.
When you are confident, use the finish tool with the
answer.

IMPORTANT: The finish tool’s content MUST con-
tain ONLY the answer expression itself, nothing else.

Examples:

e If the answer is a variable: finish with content
"result”

¢ If the answer is a function call: finish with content
"len(items)"

"y

« If the answer is a string: finish with content ’ "hello

« If the answer is an attribute access: finish with content
"C.__attrs__attrs__[1].validator”

Do NOT include explanations, reasoning, or any other

text in the finish tool content. Only the answer expres-

sion.

Analysis. In this example, the Agent must:

1. Understand that cache.update({1: 1, 2:
23}) adds two key-value pairs to a cache with
maxsize=2

2. Reason that after the update, len(cache)
equals 2

3. Infer that the blank should be filled with the
literal integer 2

4. Use the finish tool with content "2" (without
quotes in the tool content, as it’s a numeric lit-
eral)

This example demonstrates how the prompt
guides the Agent to reason about runtime behavior
while enforcing strict output constraints for evalua-
tion.

C.2 Evaluation and Comparison Engine

Given the syntactic flexibility of Python, the frame-
work employs a multi-criteria comparison engine
to verify the Agent’s output against ground truth.

C.2.1 Mathematical Equivalence (M)

For tasks involving symbolic expressions, the en-
gine utilizes the SymPy library to verify mathemati-
cal identity. Correctness is defined as:

Correct <= Simplify(P —G) =0 2
V Expand(P) = Expand(G)

where P is the Agent’s prediction and G is the
ground truth. This multi-path verification prevents
false negatives caused by structural variations.
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C.2.2 Structural Normalization (S)

The engine applies recursive normalization to han-
dle implementation-specific data structures:

e Wrapper Stripping: Automatically unwrap cus-
tom container types (e.g., D({...}) = {...}).

* Collection Alignment: Standardize whitespace
and element ordering in complex literals.

* Object Mapping: Map specialized collections
like defaultdict to standard dictionary equiva-
lents.

C.2.3 Heuristic Semantic Matching

To bridge the gap between precise syntax and rea-
soning intent, the following heuristics are applied:

* Constructor Awareness: Recognizes class
instantiations required by the logic (e.g.,
ClassName(args)).

* Path Qualification: Standardizes module paths,
accepting partially qualified references if unam-
biguous.

¢ Quote Invariance: Neutralizes differences in
quote types (single, double, or triple).

C.3 Execution Management

The Agent is executed in a sandboxed environment
with a strict 1800-second timeout. All tool invoca-
tions are captured in a serialized JSON sequence
for auditability. An incremental checkpointing
mechanism is implemented to ensure data persis-
tence during large-scale evaluations.

D Countering Memorization via an
Execution-Driven Mutation Engine

This appendix provides detailed implementation
specifications to ensure full reproducibility of our
Execution-Driven Mutation Engine (EDME). We
present the system’s 1/O contracts, hyperparame-
ters, algorithmic components, and concrete exam-
ples from real mutation instances.

D.1 Reproducibility Artifacts and I/O
Contracts

Artifacts. Each mutation instance is serialized as
a JSON record containing: (i) the original test ex-
cerpt, (ii) the probe-injected intermediate code, (iii)
captured runtime values, (iv) the final mutated test,
and (v) validation metadata (executability, assertion
validity, and API preservation).

Input Contract. The system takes as input:

¢ A unit-test function (source text)
» Extracted API call signature list (Section D.3)

Table 9: Key hyperparameters and hard constraints for
EDME.

Item Setting / Constraint

gpt-5. 2 (single-step unified mutation)

0.7 (balancing creativity and correctness)

16384 per mutation request
print(f"'DEBUG_RESULT: {expr}") (mandatory f-
string)

3 (error-feedback loop)

180s per trial

All of: executability, assertion validity, API preser-
vation

Teacher model
Temperature
Max tokens
Probe format

Max mutation retries
Execution timeout
Validation gate

Hard Constraints (enforced via prompt):

No signature drift Function signature must not change (no new
args/defaults)

Must reuse existing imports/helpers in the file
pytest.mark.parametrize decorators must remain
intact

Match original assertion patterns (e.g., is vs. ==)

No new imports
Preserve parametrize

Style consistency

* Original assertion list with their structural pat-
terns

* Repository-specific execution environment con-
figuration

Output Contract. The system emits a mutated test
function that satisfies three mandatory properties:

1. Executability: runs without errors in the target
environment

2. Assertion Validity: all reconstructed assertions
pass

3. API Preservation: maintains the original API
call sequence

Metadata Schema. Each output record includes:

e validation_status: valid or invalid

* api_calls_preserved: boolean flag

* execution_driven_assert: nested object with
probe results

e mutation_attempts: number of LLM retries

* execution_time: total processing time in sec-
onds

Output Structure.

* Structured artifacts capturing per-repository mu-
tation records (JSON)

* Aggregated statistics summarizing successful
mutations

» Logs containing execution traces and debug out-
put

D.2 Detailed Hyperparameters and
Constraints

Table 9 lists the key hyperparameters and hard con-
straints required for faithful reproduction.
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D.3 API-Call Sequence Preservation
Mechanism

To prevent shortcutting and preserve the reasoning
pathway, we enforce that the mutated test retains
the original API call sequence to the target library.
Extraction Phase. We traverse the original test’s
Abstract Syntax Tree (AST) to extract a list of call
signatures:

¢ Free function calls: solve(...),
simplify(...)
¢ Method calls: obj.method(...),

expr.rewrite(...)
¢ Constructor calls:
Rational(...)

This extraction is performed by traversing the AST
and collecting all callable expressions.
Validation Phase. During validation, we check
that each recorded call signature appears in the mu-
tated code as a callable occurrence. The system
constructs a regex pattern for each call (matching
the function/method name followed by an opening
parenthesis) and verifies its presence. Any candi-
date that removes, substitutes, or reorders these
calls is rejected.

Result Recording. The validation result is written
to the metadata. Only mutations that preserve API
calls proceed to the final output dataset.

FiniteSet(...),

D.4 Execution-Driven Mutation and
Assertion Reconstruction

EDME employs a three-stage pipeline that first
generates mutated code with embedded probes,
then executes it to capture ground-truth values, and
finally reconstructs assertions from the captured
runtime values. This approach eliminates model
hallucination by deriving truth from actual code
execution.

D.4.1 Stage 1: Comprehensive Mutation with
Probe Generation

In a single LLM call, the system performs both
visual/logical mutations and probe injection simul-
taneously. The LLM is instructed to generate mu-
tated code that directly replaces all original asser-
tions with DEBUG_RESULT print statements, combin-
ing mutation and probe generation in one unified
step.

Comprehensive Mutation Process. The mutation
prompt requires the LLM to perform two tasks in
parallel:

1. Visual mutations: Rename local variables, re-
structure control flow, change visual appearance

2. Logical mutations: Change literal constants,
modify input parameters, perturb data flow

3. Probe injection: Replace each assertion of the
form assert expression == expected_value with
print(f"DEBUG_RESULT: {expression}")

This unified approach ensures that the mutated code
is immediately executable as a state probe, with all
mutations and probe placements completed in a
single LLM generation step.

Format Enforcement. The probe format is
strictly enforced via prompt constraints and post-
generation validation:

* Must use f-string
print("DEBUG_RESULT:", x))

* Must include the exact prefix DEBUG_RESULT:

* Multi-line expressions must be properly format-
ted

Automatic Correction. If the LLM generates in-
correct probe format (e.g., using comma-separated
print), the system automatically corrects it via
regex replacement. If the generated code lacks
DEBUG_RESULT outputs, the system triggers a retry
with explicit feedback.

syntax (not

D.4.2 Stage 2: Execution-Driven Value
Capture

After generating the mutated code with embed-
ded probes, we execute it in a controlled envi-
ronment and parse the stdout stream to extract
DEBUG_RESULT payloads. This execution step cap-
tures the actual runtime values produced by the
mutated logic, which serve as ground truth for as-
sertion reconstruction.

Execution Environment. The execution is per-
formed with the following setup:

* Isolated temporary file in the original test direc-
tory (to support relative imports)
» Repository-specific virtual environment (config-
ured for the target project)
* Configured PYTHONPATH to include necessary
modules
* 180-second timeout per execution
Output Parsing. The parser handles multiple out-
put formats:
1. Standalone line: DEBUG_RESULT: value
2. Embedded in pytest output:
BUG _RESULT: value ...
3. Multi-line structures: continues collecting lines
until brackets/braces are balanced

DE-
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Strict Mode. During probe execution,
check_debug_result=True enforces that at
least one DEBUG_RESULT must be found. Execution
success without probe output is treated as failure,
triggering a retry with error feedback.

D.4.3 Stage 3: Assertion Reconstruction from
Runtime Values

Using the captured runtime values from Stage 2

as ground truth, a second LLM call regenerates

assertions while matching the original test’s id-

ioms. The LLM converts each DEBUG_RESULT out-

put back into an appropriate assertion statement,

ensuring style consistency with the original test.

Style Matching Rules. The LLM is instructed to

preserve:

* Comparison operators: is vs. == vs. !|=

* Constructor preferences: S.Half wvs.
Rational(a,b) vs. a/b

e Collection types: FiniteSet(...) vs. {...},
C...0vs. (...)

* Assertion structure: single-line vs. multi-line,
with/without intermediate variables

0.5,

Error-Driven Refinement. The assertion recon-

struction supports iterative refinement:

1. Generate assertions from captured runtime val-
ues

2. Replace DEBUG_RESULT statements with the gen-
erated assertions

3. Execute the final mutated code to validate all
assertions pass

4. If validation fails, append error message to con-
versation history

5. Retry assertion generation with error feedback
(up to 3 attempts)

D.5 Strict Validation Gate

A mutated test is accepted only if it satisfies all
three validation criteria simultaneously.
Criterion 1: Executability. The probe-injected
code must:

* Run without syntax errors or runtime exceptions
* Complete within the 180-second timeout

* Produce at least one DEBUG_RESULT output
Criterion 2: Assertion Validity. The final mutated
code with reconstructed assertions must:

* Execute successfully (pytest returncode = 0)
* Pass all assertions against the mutated logic

Criterion 3: API Preservation. The mutated code
must:

* Contain all original API call signatures

* Maintain the same call sequence (order may vary
within independent statements)

Gate  Enforcement. The  valida-
tion status 1is recorded in metadata as
validation_status. Only mutations with
validation_status="valid" are included in the
final dataset. The batch validation routine skips
non-valid entries during final verification.

D.6 Key Prompt Templates

This subsection presents the essential prompt tem-
plates used in EDME’s LLM-based mutation and
assertion reconstruction stages.

D.6.1 Mutation Prompt (Stage 1)

The mutation prompt enforces hard constraints
while guiding the model to perform both visual
and logical mutations. The system prompt empha-
sizes:

System Prompt (Excerpt).

* Format requirements:  All DEBUG_RESULT
outputs  must use  f-string  format:
print(f'DEBUG_RESULT: {value}")

¢ Visual mutations: Rename local variables, re-
structure control flow, change visual appearance

* Logical mutations: Change literal constants,
modify input parameters, perturb data flow

* API preservation: Maintain the exact API call
sequence specified in constraints

* Signature preservation: Function signature
must remain unchanged (no new args/defaults)

* Import reuse: Do not add new imports; reuse
existing imports/helpers

User Prompt (Excerpt). The user prompt pro-

vides:

 Target function name and context (decorators,
class definition if applicable)

* API call constraints list (must be strictly pre-
served)

* Original test code with all assertions

* Available imports and helper functions

* Explicit instruction to replace all assertions with
DEBUG_RESULT outputs

D.6.2 Assertion Reconstruction Prompt
(Stage 3)

The assertion reconstruction prompt guides the

model to convert captured runtime values into style-

consistent assertions.

System Prompt (Excerpt).

* Style matching: Strictly follow original asser-
tion patterns (operators, constructors, constants)
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Algorithm 1 Execution-Driven Mutation Engine
(EDME)

Input: Original test 7, API inventory A,
configuration C
Output: Mutated test 7 with metadata M, or L
if no candidate passes validation
1 attempts < 0
2 while attempts < C.max_retries do
3 attempts <— attempts + 1
Stage 1: Probe-aware mutation
Torobe <— MUTATEWITHPROBES (T, A)
if “ HASDEBUGPROBE(Trobe ) then
continue > Missing probe
end if
Stage 2: Runtime capture
8 (exec, V') < EXECUTEPROBES (Tprope,

~N N B

C.timeout)
9 if — exec then
10 continue > Execution failed
11 end if

Stage 3: Assertion reconstruction
12 T’ < RECONSTRUCTASSERTIONS (Tprope, V,

STYLEOF(T))
13 assert_ok + EXECUTEFINAL(T",
C.timeout)
14 if — assert_ok then
15 continue > Assertion validation failed
16 end if

17 api_ok < VERIFYAPI(T,T’, A)
18 if = api_ok then

19 continue > API preservation failed
20 end if
21 M <+ RECORDMETADATA(valid,

api_ok, V)

22 return (T, M)

23 end while

24 M + RECORDMETADATA (invalid,
false, )

25 return (L, M)

¢ Format preservation: Maintain is vs. ==,
Rational(a,b) vs. a/b, collection types

* No markdown: Return pure Python code only,
no explanations

* Type conversion: Parse runtime values and con-
vert to original style (e.g., Rational(2, 3) in-
stead of 0.666. . .)

User Prompt (Excerpt). The user prompt pro-
vides:

* Captured runtime values (from DEBUG_RESULT
outputs) as JSON array

* Original assertion patterns (for style reference)

* Code with DEBUG_RESULT statements to convert

 Available imports context

* Error feedback (if previous attempt failed)

D.7 End-to-End Algorithm

Algorithm 1 presents the complete EDME pipeline
in pseudocode.

D.8 Concrete Example from Real Data

We present a real mutation instance from our
dataset to illustrate the complete EDME pipeline.
This example is taken from the SymPy reposi-
tory, specifically the test_rewrite_trig function
from the solvers test suite.

This instance demonstrates:

» Fact-level perturbation (changing coefficients
from 2,1 to 3, 2)

* API preservation (solve, sin, cos, atan all re-
tained)

e Execution-driven  truth
Latan(2/3)] captured)

e Style consistency (using Rational(2, 3) in-
stead of 0.666. . .)

(runtime  value

Mutation Analysis. The key transformations in
this example:

1. Visual mutation: Variable = renamed to
probe = z - (S.One + S.Zero) (semantically
equivalent but visually distinct)

2. Logic mutation: Coefficients changed from
(2,—1) to (3, —2), invalidating the original an-
swer arctan(1/2)

3. Probe execution: Captured runtime output
[atan(2/3)] from the mutated equation

4. Style preservation: Reconstructed  as
Rational(2, 3) (matching SymPy’s
preference for exact rationals) instead of
0.6666. ..

Validation Results. This mutation passed all three
validation criteria:

* Executability: Probe code ran successfully, pro-
ducing DEBUG_RESULT: [atan(2/3)]

* Assertion validity: Final code passed pytest
with the reconstructed assertion

¢ API preservation: All four API calls (solve,
sin, cos, atan) present in original order

E Countering Ambiguity via the
Deterministic Value Protocol

This appendix describes the Deterministic Value
Protocol (DVP). DVP enforces hard constraints on
ground-truth answers during task generation. The
goal is to remove evaluation noise caused by (i)
unstable string representations, (ii) environment-
dependent nondeterminism, and (iii) multi-solution
semantics under strict matching.
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Figure 5: Real EDME instance from SymPy. Left: original test with memorized constants. Middle: probe-injected
candidate with mutated coefficients and structured debug output. Right: final assertion reconstructed from runtime

ground truth while keeping the preserved API pathway.

Original Test

def test_rewrite_trig():
# Original equation
assert solve(

Probe-Injected

def test_rewrite_trig():
# Mutated equation
probe = x*(S.0ne + S.Zero)

Final Mutated

def test_rewrite_trig():
# Reconstructed assertion
probe = x*(S.0One + S.Zero)

2xsin(x) - cos(x), print( assert solve(
X f"DEBUG_RESULT: 3xsin(probe) - 2*cos(probe),
) == [atan(S.Half)] {solve(3*sin(probe) - probe

2xcos(probe), probe)}”

)

E.1 Artifacts and I/0 Contracts

Input. DVP consumes one trace-derived test func-
tion and its assertions.

Output. For each accepted assertion, DVP emits
one fill-in-the-blank instance with the masked as-
sertion and the ground-truth answer.

Discard policy. If no mask position can satisfy
DVP constraints, the sample is discarded.

E.2 System Overview

DVP is programmatic-first and fallback-last. It
applies two strict “programmatic parsing funnels”
and uses an LLM fallback only under a narrow
boundary.

¢ Funnel 1 (Semantic Determinism): remove
nondeterminism and multi-solution semantics.

* Funnel 2 (Answer Morphological Determinism):

keep only answer forms that are stable and

explicit.

LLM fallback is invoked only when the assertion
is structurally maskable but the extracted answer
is a variable reference. In this case, the model is
restricted to a variable resolver. The resolved result
must pass Funnel 1 and Funnel 2 again.

E.3 Funnel 1: Semantic Determinism

Funnel 1 rejects candidates that can change across
runs or admit multiple valid solutions.

(1) Representational drift. DVP rejects unstable
string forms. Typical patterns include:

* object repr addresses:
<... at 0x[0-9a-fA-F]+>

* explicit memory addresses: @x[0-9a-fA-F]1+

(2) External perturbation. DVP rejects con-
texts that rely on runtime-dependent signals (ran-
domness, timestamps, UUIDs). The detector
checks tokens such as random, uuid, time. time,
datetime.now, and date. today. If matched, the

) == [atan(Rational(2, 3))]

sample is discarded with a reason like nondeter-
ministic_in_test:....

(3) Multi-solution semantics. DVP rejects mask
positions that admit multiple satisfying values un-
der strict comparison. In operator masking, the
system rejects >, <, >=, <=, and !=. For ==, DVP
also rejects reflexive variable forms (e.g., x == y).

Approximate comparisons. DVP drops

approximate floating comparisons that are
sensitive to platform differences, includ-
ing pytest.approx, assertAlmostEqual,

assert_allclose, allclose, and isclose.

E.4 Funnel 2: Answer Morphological
Determinism

Funnel 2 ensures the blank evaluates a concrete
runtime state, not a name binding. The system
assigns priorities to different answer forms (1 is
best) or rejects them (priority 0), using AST-based
type inference.

Whitelist with priorities.
forms are:

Accepted answer

e Priority 1: Literals (numeric, string, boolean
constants, and container literals). Always ac-
cepted.

* Priority 2: Global constants (uppercase identi-
fiers following naming conventions).

¢ Priority 3: Stable attribute access (e.g.,
response.status_code, S.NaN), without call
parentheses.

* Priority 4: Parameter-resolvable constructors
(ClassName(...)), only when all arguments
are literals. Empty built-in constructors set(),
list(), dict(), tuple(), frozenset() are
treated as Priority 1.

¢ Priority 5: Complex value expressions only
for symbolic libraries (e.g., SymPy). As a
special case, symbolic computation libraries like
SymPy allow complex mathematical expressions
(e.g., [Rational(33, 2) - Rational(11, 2)*sqrt(3)])
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as valid answers.

DVP rejects:

* pure variable references

e dynamic  function calls
obj.method()) wunless it
constructor

* type-casts with variable arguments
set(cache))

* unpack operators (*args / xxkwargs)

Rejections.

(func() or
1S a whitelisted

(e.g.,

E.5 Static Analysis vs. LLM Fallback
Boundary

DVP has a strict boundary between static parsing
and fallback.

e If programmatic parsing cannot find a valid mask
position that passes both funnels, the sample is
discarded.

* If the mask position is valid but the extracted
answer is a variable name, fallback is allowed.

In fallback mode, the model acts only as a vari-
able resolver: it must unfold the variable into a
concrete literal/constant/constructor/attribute form
derived from the execution context. The resolved
result is re-validated through both funnels.

E.5.1 Variable Resolver Prompt

When fallback is triggered, the LLM receives a
prompt emphasizing runtime behavior reasoning:

Key Requirements.

* Not code completion: Task is to infer runtime
behavior based on trace information

* Answer format: Must be a specific constant
value or variable name (not complex expressions)

* String quoting: String values must be wrapped
in double quotes in JSON

* Identity vs. equality: Distinguish is (identity)
from == (equality)

* Hint quality: Must guide reasoning without
leaking the answer

Prompt Structure. The prompt includes:

* Complete assert statement with context

* Full test function code

¢ Execution flow (trace information with function
calls)

* Input parameters

* Design requirements emphasizing runtime behav-
ior reasoning

* Answer requirements specifying format con-
straints

Algorithm 2 Deterministic Value Protocol (DVP)

Input: Trace record R, source code S
QOutput: Deterministic fill-in-the-blank set
Q
Trace parsing
1 T < EXTRACTTRACEINFO(R)
2 A < PARSEASSERTIONS(S)
39«0
Candidate evaluation
4 for each assertion a in A do

5 ¢ < MASKCANDIDATE(a, T")

6 if c = L then

7 continue > No deterministic mask
8 end if

9 if -~ SEMANTICDETERMINISM(c, a, T") then

10 continue > Fails Funnel 1

11 end if

12 if MORPHOLOGYPRIORITY (¢, T") = 0 then

13 continue > Fails Funnel 2

14 end if

15 if ISVARIABLE(c) and FALLBACKALLOWED then
Fallback resolution

16 ¢ < RESOLVEVARIABLE(c, T')

17 if = SEMANTICDETERMINISM(c, a, T') then
18 continue

19 end if

20 if MORPHOLOGYPRIORITY (', T') = O then
21 continue

22 end if

23 c«c

24 end if

25 Q<+ QU
{EMITQUESTION(a, ¢)}
26 end for
Batch emission
27 return Q

E.6 End-to-End Pseudocode

Algorithm 2 summarizes the end-to-end Deter-
ministic Value Protocol.

E.7 Concrete Example from Real Data

Funnel 1 rejects unstable object repr strings. For
example, in a representative dataset we observe
inputs containing:

<tests.test_dunders.TestEqOrder object at
0x7f6a9d5d38f0>

DVP rejects such answers, ensuring the final
ground truth is stable under strict comparison.

Funnel 2 rejects non-explicit truths such as pure
variable names (e.g., result) and dynamic calls
(e.g., func(value)), which would otherwise per-
mit shallow syntactic splicing without reasoning
about runtime state.
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F Cognitive Metrics Computation

This section discloses the inputs, assumptions,
derivations, and outputs behind the Cognitive Met-
rics so that any researcher can reproduce ESV/M-
CL/DFI in an isolated environment. The main
paper merely consumes the reported scores; im-
plementation details, hyperparameters, algorithm
descriptions, and samples live in this appendix.

F.1 Artifacts and Input Contracts

Trace Record. Each JSONL entry represents a
single test execution with function_calls (ar-
ray of call_order, function_name, file_path,
function_source_code, executed_lines), a
condensed execution_flow, and assertion meta-
data (assert_line counted from the dedented
body, line_offset for the absolute first line).
Collector Configuration. All experiments
fix max_trace_size=1000, max_call_depth=3,
and include_test_files=True, with optional
target_modules to bound observation. The con-
figuration is embedded in input_data together
with the test_function identifier.

Output Contract. The metric calculator con-
sumes a single trace and emits esv, mcl, dfi,
plus diagnostic sets such as relevant_calls,
relevant_lines, and source_variables, en-
abling verification without rerunning the slice.

F.2 Interprocedural Slice and Evidence
Harvesting

The implementation transforms a single trace into
slice evidence via a strict pipeline so that every
metric consumes the same structured input.

1. Trace Normalization: Build a call_index
and line_to_call map over function_calls
so each absolute line immediately resolves to
its call_order. Empty frames are discarded
and the entry frame is cached as entry_call to
anchor later steps.

2. Assertion Anchor Extraction: _ex-
tract_assert_targets_with_beniget dedents
the entry source, uses beniget def-use chains
to enumerate every gast.Name read on the
assertion line, and captures the call expressions
that appear in the same line. A regex fallback
is used only if the analysis fails, yielding both
the target variable set and the function calls
triggered by the assertion.

3. Worklist Seeding: Targets are en-
queued as (0, targets, "assert_vars"), while

assertion-triggered callees are enqueued as
(call_order, {"__return__"}, "called_from_*")
so their returns are tracked through a synthetic
placeholder. Decorator/dynamic heuris-
tics are evaluated before seeding to attach
original_name and is_decorator flags,
preventing double counting.

4. Frame-level Resolution: The LIFO work-
list pops (call_order, target_vars, context), re-
trieves call_info, converts relative assertion
lines to absolutes (entry uses line_offset,
other frames use their own line_number),
and invokes _slice_within_function to obtain
relevant_lines, mutations, source_vars,
and function_calls. Execution counts are
accumulated into the global relevant_lines
map.

5. Dependency Expansion: Function-level
function_calls are matched against
the call_index; matched frames are re-
enqueued with  {"__return_ "}  targets,
while missing matches are captured in
untraced_function_calls to expose trace
coverage holes.

The resulting relevant_calls,
relevant_lines, and source_variables form
the unique evidence set for all metrics. Section F.3
details the fine-grained _slice_within_function
solver, and Section F.4 derives ESV/MCL/DFI
from that evidence.

F.3 Worklist Resolution Strategy

calculate_interprocedural_slice drives
_slice_within_function with a strict LIFO
worklist so that each frame undergoes AST-level
backward slicing.

Per-frame pipeline.

1. Source Canonicalization: Fetch
function_source_code, dedent it
via textwrap.dedent, and build
abs_to_rel/rel_to_abs maps so entry

and nested frames share one coordinate system.

2. Executed-line Alignment: Map the recorded
absolute lines to the relative set executed_rel,
ensuring non-executed statements never enter
the slice.

3. Def-use and Control Dependencies: Invoke
ExecutionFlowParser._build_beniget_chains to
build def-use chains and run ControlDependen-
cyAnalyzer to map 1ine_no — controlling lines,
feeding explicit control edges into the backward
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pass.

4. Call Extraction: Walk the dedented
AST to capture every gast.Call within
executed_rel, storing its line number, callee
name, and argument variables for cross-frame
propagation.

5. Backward Expansion: Initialize
needed_vars = target_vars and keep
popping variables. For each definition found in
variable_writes, call add_relevant_line
to add it into relevant_lines_rel, close
over control dependencies, and enqueue any
variables read on that line. Entry frames under
context="assert_vars" force the assertion
line plus all of its controllers to stay in the
slice, whereas return contexts focus on return
statements.

6. Source-variable Inference: After
relevant_lines_rel is determined, count
the variables that were read but never written
within that set, subtracting builtins, keywords,
imported symbols, and detected callee names.
_analyze_semantic_dependencies inspects
complex expressions (e.g., dictionaries or
higher-order calls) to append their true data
dependencies into source_vars.

Propagation semantics.

* Each state key (call_order, frozenset(target_vars),
context) ensures a frame/target pair executes at
most once even under deep recursion or decora-
tors.

* Returned function_calls are matched against
call_index; hits are re-enqueued with {"”__re-
turn__"} targets, while misses get logged in un-
traced_function_calls to expose coverage gaps.

Once the worklist drains, relevant_calls,
relevant_lines, and source_variables are
fixed, enabling direct metric computation without
further heuristics.

F.4 Metric Definitions and Fixed Assumptions

Every metric uses the same interprocedural slice.
Let Fre1 denote the relevant functions, L. the mul-
tiset of relevant lines with execution counts ¢, and
S the variables read but not reassigned inside the
slice.

ESV = ) LOC(f)

fe}-rel
MCL= Y ¢
(Z:C)Eﬁrel
DFI = |S|

* ESV (Effective Sliced Volume): Deduplicate
and count lines of code across JFy to capture
the unique reading load needed to justify the as-
sertion.

e MCL (Mutation Chain Length): Sum execu-
tion frequencies in L to characterize the dy-
namic simulation depth.

¢ DFI (Dependency Fan-In): Count elements in
S to describe how many independent information
sources feed the assertion.

F.4.1 ESV Computation Steps

1. Gather deduplicated source snippets for every
function in Fi|, counting executable lines only
(whitespace and comments are skipped).

2. Record each function once even if it is invoked
multiple times, preventing duplicate reading
cost.

3. Summing all unique functions’ line counts
yields ESV, the minimal code volume a reviewer
must inspect.

F.4.2 MCL Computation Steps

1. Maintain a map from each statement in L to its
execution count derived from executed_lines.

2. Sum the counts to obtain MCL; hot paths where
the same line fires repeatedly increase the metric
proportionally.

3. Identical source lines in distinct frames accumu-
late separately so that MCL reflects the actual
dynamic chain length.

F.4.3 DFI Computation Steps

1. During dependency propagation, collect every
variable that is read but never reassigned, form-
ing the set S.

2. Deduplicate the set so that a variable counts
once regardless of how many frames reference
1t.

3. The cardinality of S equals DFI, indicating how
many independent information sources must be
tracked; higher values imply heavier contextual
load.
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The calculator exposes no tunable hyperparam-
eters; interprocedural slicing is always enabled so
that all three scores rely on identical evidence.

F.5 Representative Example

We choose the real trace question_id=544_3
from the toolz corpus, anchored at the function
test_accumulate. The test chains three represen-
tative scenarios—seedless accumulation, seeded
accumulation, and empty-sequence fallbacks—so
that every major argument pattern of accumulate
is exercised.

Test body excerpt.

def test_accumulate():
numbers = [2, 1, 4, 3, 7]
assert list(accumulate(add, numbers)) == [2, 3, 7, 10, 17]

accumulate function implementation.

def accumulate(binop, seq, initial=no_default):
""" Repeatedly apply binary function to a sequence,
accumulating results

>>> from operator import add, mul

>>> list(accumulate(add, [1, 2, 3, 4, 51))

[1, 3, 6, 10, 15]

>>> list(accumulate(mul, [1, 2, 3, 4, 51))

[1, 2, 6, 24, 120]

Accumulate is similar to " “reduce” ™
making functions like

cumulative sum:

and is good for

>>> from functools import partial, reduce
>>> sum = partial(reduce, add)
>>> cumsum = partial(accumulate, add)

Accumulate also takes an optional argument that will be
used as the first

value. This is similar to reduce.

>>> list(accumulate(add, [1, 2, 31, -1))

[-1, o, 2, 5]
>>> list(accumulate(add, [1, 1))
[11
See Also:
itertools.accumulate : In standard itertools for
Python 3.2+

seq = iter(seq)
if initial == no_default:
try:
result = next(seq)
except StopIteration:
return
else:
result = initial
yield result
for elem in seq:
result = binop(result, elem)
yield result

calculate_interprocedural_slice binds the entry
frame and the accumulate implementation into
one evidence pool: the entry frame supplies the
sequences and assertions, while the library frame
expands every intermediate state.
Metric derivations.
¢ ESV: Understanding how the folds evolve under

different seeds requires reviewing both the test
harness and accumulate, hence their combined

Table 10: Metric values for the test_accumulate ex-
ample.

Metric Value Evidence Source

ESV 59 lines JFr = {test_accumulate, accumulate}; dedupli-
cated source from the entry test plus the library
implementation totals 59 executable lines, mirror-
ing the minimal reading load.

L1 spans the entry assertions plus 11 relevant lines
inside accumulate; the trace repeats those lines
across the accumulate variants, yielding 35 total
executions.

The slice retains three read-only dependen-
cies—add, initial, and no_default—all sup-
plied via imports or default guards, hence |S| = 3.

MCL 35

DFI 3

59 lines define ESV.

e MCL: L, covers the entry assertions and
11 relevant lines inside accumulate; the trace
shows these lines are repeatedly accessed across
multiple accumulation branches, with execution
counts summing to 35.

* DFI: During propagation, the read-only depen-
dencies expand to three symbols—add, initial,
and no_default—each from module imports or
default parameter constraints, so |S| = 3.

This example shows how a single interproce-
dural slice lets us reason about multiple assertion
branches: even when the assertions live entirely in
the entry frame, the slicing framework still brings
in the library implementation to keep metric com-
putation reproducible.

G DFI Case Studies: Integration Failure
in Practice

To illustrate what Integration Width (DFI) looks
like in practice and how it induces Aggregation
Deficits in agents, we present two concrete case
studies. DFI (DFI = |S|) measures the number
of independent external variables in a dynamic
slice that are read but never reassigned, reflect-
ing how many disparate information sources an
agent must simultaneously integrate to deduce the
verified state.

G.1 Case 1: Jinja2 test_groupby_default
(DFI=16)

def test_groupby_default(self, env):
template_src = "".join([
"{% for grp, bucket in
people|groupby('city', default="'SF') %}",
"({ grp 1} {{
bucket|map(attribute="name")|join(' | ")
In”,
"{% endfor %}",
D

tmpl = env.from_string(template_src)
payload = [
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{"name”: "alex”, "city”: "SF"},
{"name": "brian”, "city": "WA"},

{"name": "cora"}, #
<-- no city key

{"name”: "dana”, "city”: "SF"},

{"name”: "erin”, "city": "WA"},

]
out = tmpl.render(people=payload)
assert out == # correct: "SF: alex |

cora | dana\nWA: brian | erin\n”

The 16 source variables span four context layers:
template compilation (code, source, etc.), runtime
data (args, kwargs), filter chain (value), and en-
vironment configuration (env, environment, and

others). The agent produced "SF: alex |
dana\nWA: brian | erin\nSF: cora\n” (in-
correct).

Failure Mechanism: The agent correctly in-
ferred the default=’"SF’ semantics (tagging cora
as SF) but produced two disjoint SF groups. Jinja2’s
groupby filter sorts elements before grouping
(sorted(value, key=expr)), which merges all
SF entries. Although the agent’s trajectory showed
it read the documentation for sync_do_groupby
specifying this sorting behavior, it failed to inte-
grate this third logical layer. The aggregation chain
broke after successfully integrating the first two
layers.

G.2 Case 2: NetworkX
test_all_simple_paths (DFI=10)

def

test_all_simple_paths_on_non_trivial_graph():

H = nx.path_graph(6,
create_using=nx.DiGraph())

extra_arcs = [(0, 6), (2, 6), (2, 4), (6,
5), (5, 3), (5, 4]

H.add_edges_from(extra_arcs)

route_iter = nx.all_simple_paths(H, 2, [3,
4], cutoff=2)

observed = {tuple(step_list) for step_list
in route_iter}

assert observed == ___
3), (2, 4, (2, 3, 9}

# correct: {(2,

The path_graph(6) constructs a 0—1—...—5
chain, augmented by extra arcs. The cutoff=2
parameter restricts valid paths to those with < 2
edges. The 10 source variables span graph construc-
tion, path enumeration logic, and the truncation
constraint (cutoff). The agent predicted { (2, 3),
(2,4, (2,3,4), (2,4,5,3), (2,6,5,3),
(2,6,5,4), (2,6,5,3,4)7 (incorrect).

Failure Mechanism: The agent correctly built
the graph topology and enumerated paths but failed
to integrate the cutoff=2 constraint, returning

paths with 3 and 4 edges. This exemplifies partial
integration followed by breakage: as DFI increases,
agents correctly process initial information layers
but increasingly drop final constraints.

H Impact of Trace Depth Limit

During dynamic trace extraction, we apply a maxi-
mum call depth limit (max_call_depth=3) to opti-
mize the signal-to-noise ratio. To quantify its im-
pact, we compared traces generated with depth=3
versus unbounded depth=cc across all repositories
(Table 11).

Table 11: Trace Inflation Factor (depth=3 wvs.
depth=00)

Sam- Depth Depth Infla- Max
Repo ples 3 [’} tion Dep.
cachetools 51 369.7 396.7 1.1x 11
toolz 100 40.1 50.1 1.3x 7
yarl 100 49 9.0 1.8x 10
networkx 100 236.3 350.8 1.5x 14
jinja2 100 20.4 981.4 48.0x 49
attrs 100 9.1 11.6 1.3x 8
sympy 100 272.1 3186.5 11.7x 36
Overall 651 118.5 736.1 6.2x -

Removing the depth limit inflates function call
counts by 6.2x overall. The vast majority of added
calls correspond to low-level infrastructure func-
tions (AST traversers, iterator protocols, magic
methods) that do not contribute to the high-level
semantic understanding of the logic. Crucially, this
depth limit applies only to trace extraction for met-
ric computation; during reasoning, the evaluating
agent retains unconstrained access to the complete
repository codebase and execution environment.

I Difficulty Classification Protocol

To control for task variance, instance difficulty is
explicitly stratified based on Al reasoning complex-
ity. This annotation is generated by an independent
evaluator LLM (GPT-5.2) during the data genera-
tion phase. The LLM acts solely as an annotator,
analyzing the blanked assertion and execution trace
to assign a label of easy, medium, or hard. The
prompt template is provided in Box L.

Difficulty Classification Prompt Template

You are an expert at evaluating programming question
difficulty for Al systems.
Given:

e QUESTION: (the blanked assertion)
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¢ CONTEXT: (execution-trace context for under-
standing only; do NOT assume the answer is visi-
ble)

Task: Classify the instance difficulty into one of {easy,
medium, hard} based on Al reasoning complexity. Use
the following criteria:

* easy: Requires only basic Python knowledge and
direct code reading. Involves linear logic, shallow
abstraction, and minimal state tracking.

¢ medium: Requires understanding non-trivial API
behavior, simple state mutations, control flow
loops, or basic algorithms.

* hard: Requires deep domain knowledge (e.g.,
symbolic math, complex graph theory), resolv-
ing deep multi-layer dependencies, extensive state
tracking, or metaprogramming.

Provide your classification exactly as one of the three
keywords.
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