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Abstract

Large Language Models (LLMs) generate fluent code that can still be invalid for the environment it must

run in. Under fixed dependency versions a recurring failure is API hallucination: the model invokes

a fabricated API, an outdated interface, or a plausible substitute for what the pinned library version

requires. APIs released after the model’s training data were collected are the hardest case, because the

knowledge is missing outright and retraining the model for every library release is impractical.

This thesis asks whether small Low-Rank Adaptation (LoRA) adapters can inject post-cutoff API

knowledge into a 7B instruction-tuned model (Qwen2.5-7B-Instruct) without corrupting its remaining

behavior. An API counts as post-cutoff operationally when it entered the library in a recent release

and the base model produces it on none of the tested surfaces. A teacher LLM generates training data

grounded in library sources, checked mechanically and by manual review, and the adapters are trained

with supervised fine-tuning (SFT) on target positives balanced with anchor and hard-negative examples

that teach where the new API does not belong. The experiments cover one PyTorch API, then five, then

twenty-five, all on the LibEvoBench completion benchmark.

A benchmark average cannot certify injection, so every claim is decomposed into per-API acquisition,

target leakage onto unrelated code, a failure taxonomy separating fabricated, outdated, and wrong-but-

valid answers, and retention on paired control benchmarks. Knowledge-free control adapters reproduce

most of the aggregate benchmark gain with zero target output, and subtracting such a control from a

trained adapter in weight space (task arithmetic) keeps target acquisition while moving unrelated rows

at the measurement floor, so the acquisition metric, unlike the aggregate, tracks injected knowledge.

Twelve positive examples suffice to make the missing API appear, and the resulting adapter mentions

it on 73.2% of unrelated rows, so the hard half of the problem is control rather than production. Anchored

training restores that control, converting fabricated answers into correct ones without the anachronistic

buildup of positive-only training. Both recipes then scale under replication across seeds. At five APIs

the matched-control composition acquires 75.2% of the target rows while direct SFT converts only at

seed-dependent peaks, and at twenty-five APIs, on the target rows the benchmark asks, the composition

reaches 62.8% and direct SFT 50.1%, the direct recipe cutting the phantom share on those rows from

44.2% to 7.6%. The programme’s one significant retention cost, a 2.88-percentage-point decline on

GSM8K mathematical reasoning, belongs to the direct-SFT package, while both composition points

change no paired control benchmark significantly, a contrast the cross-method design cannot attribute

to a single component. The thesis therefore delivers a validated adaptation recipe together with the

measurement discipline required to trust it, while release-scale coverage and a deployed library-version

specialist remain open.
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1
Introduction

Large Language Models (LLMs) are neural language models built on the Transformer architecture and

pretrained over broad text and code corpora [1], [2]. Their reach comes from adaptability: a single

pretrained model can be prompted, shown a few examples, or lightly fine-tuned into a working system

for translation, question answering, or programming, without training a separate model for every

task [2], [3], [4].

Programming became one of the technology’s main applications early. Codex showed that a

language model trained on code can synthesize working Python from natural-language docstrings [5],

and editor-integrated assistants have since made code completion, the task of continuing a partially written

program or filling a marked gap in it, an everyday development tool that drafts functions, tests, and

configuration from the surrounding project files [6]. Surveys of LLMs in software engineering report

applications well beyond completion, across design, requirements, repair, refactoring, documentation,

and analytics [6], but completion is where the model’s output lands directly in a codebase, which makes

it the setting of this thesis.

The weakness that shadows this usefulness is that the same interface produces fluent output whether

or not anything supports it. A model prompted for something it does not know rarely abstains, because

training and evaluation reward answering, so it guesses in the same confident register it uses when it

knows [7], [8]. The literature calls such output hallucination, and this thesis uses the term for fluent or

pragmatically plausible output that is unsupported, context-inconsistent, or factually wrong [9], [10],

[11]. Every definition of this kind leans on an evidence source against which the output is checked,

whether that source is verifiable world knowledge, the prompt and its context, or the model’s own

uncertainty [9], [11], and Chapter 2 follows that evidence source as it tightens from open-ended factual

claims to code pinned to a particular library version (Table 2.3).

Code is the domain where that tightening ends in something checkable, because the evidence source

stops being a matter of judgment: a generated fragment either parses, imports, runs, and passes its tests

in a concrete environment or it does not. Code-hallucination studies accordingly organize the failures

by the oracle that rejects them, from code that violates the stated requirements, through code that does

not parse or run, to code that assumes packages, application programming interfaces (APIs), or files

the project does not have [12], [13], [14]. Package hallucination illustrates the environment end of this

spectrum, models recommending dependency names that look conventional but do not exist, often

enough to open a package-confusion attack surface in the software supply chain [15], [16].

API Reliability in Evolving Libraries. This thesis narrows the preceding discussion to API hallucination
under fixed dependency constraints, and it studies the failure in repository-aware Python code completion,

completion conditioned on the files, imports, and configuration of a concrete project. That setting

makes the failure measurable: a project’s configuration pins its dependencies, each dependency is

a library at one concrete version, and a completion that names an API the pinned version does not

provide is invalid no matter how plausible it reads. Python supplies the ecosystem for this study,

heavily used and fast-moving libraries together with public benchmarks that test the version-pinned

setting directly, and within it PyTorch supplies the concrete APIs of every experiment. Against a pinned

1
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environment, a completion can fail at the API level in four ways, and we call these the four failure modes
of version-conditioned completion, under the following names:

• Phantom APIs: calls, attributes, imports, or classes that exist in no release of the target library.

• Anachronistic APIs: calls that exist in another release but not in the installed dependency version.

• Wrong-but-valid substitutes: APIs the pinned version does provide, used where a different API

is required, often an older or semantically nearby alternative.

• Signature mismatches: valid API names used with invalid arguments, types, return assumptions,

or call patterns.

The grouping is our own formulation, with established ingredients: API-oriented evaluation reports

nonexistent calls and signature misuse as core failure categories and finds them concentrated where the

model has seen the least, especially on low-frequency APIs, with documentation grounding improving

reliability while staying sensitive to retrieval quality [17], [18], [19], and version-invalid usage is the

failure that the version-aware benchmarks of Chapter 2 measure [20], [21]. Chapter 4 formalizes the first

three modes, plus a no-API outcome for completions that yield no resolvable API, as the taxonomy that

scores every experiment, classifying each prediction against the versioned public-API inventory built

there, while signature validity is checked as a separate layer. The failure modes also interleave with

ordinary task failure, since a model can miss the required operation altogether or understand it and still

select an API the pinned version does not support, and the evaluation protocol of this thesis is built to

keep those two failure sources apart.

One of these failure modes, the anachronistic call, exists only because libraries evolve: dependencies

add, remove, rename, and change APIs between releases, so code that is correct for one release can be

invalid for another, and the same evolution feeds wrong-but-valid substitution whenever the model

prefers an API’s older or better-known relatives. Several recent benchmarks measure completion

under this version constraint [20], [21], [22], [23], [24], and the one the empirical chapters build on is

LibEvoBench [25], a benchmark that takes completion tasks from real repository code, pins each task

to a concrete library version, and scores whether the model produces the API that version requires.

Its authors report two findings that motivate this thesis directly: models degrade on the APIs that

change across versions while staying flat on the stable ones, and documentation in the prompt improves

accuracy while merely stating the required version does not [25]. Chapter 2 describes this benchmark

and its relatives in detail, and the introduction assumes no further familiarity with them.

Keeping a model’s API behavior current as its libraries move is a maintenance problem of its own,

one CodeSync frames as synchronizing a model’s code knowledge with its evolving libraries [24], and

this thesis calls it the model update problem. The base model in this framing is the model as its vendor

shipped it, the pretrained and instruction-tuned weights whose knowledge is frozen at the time its

training data was collected, and a model update is any change applied to that model after release so that

its behavior tracks a world that has moved on, here the API surface of a library’s newest releases. The

concrete base model of this thesis is Qwen2.5-7B-Instruct [26], chosen because its weights are open

and therefore trainable, because its instruction-tuned chat interface matches the completion protocol

the benchmark uses, and because its seven billion parameters train on local hardware, with the full

training and evaluation setup recorded in Chapter 5. Fully retraining such a model would keep it

current but is far too costly to repeat for every release of every dependency, so the practical question is

what smaller intervention can carry new API knowledge into a frozen base model. This thesis adopts

the model-update framing and studies one such intervention.

The cost of leaving a base model stale follows from the object being executable. Because the

dependency environment of a repository is fixed, a fabricated symbol or an API from the wrong release

breaks the build, fails the continuous-integration run, or, in the package case, creates an exploitable

installation path, and it arrives wrapped in code fluent enough to pass a quick review [13], [15]. The

failures also concentrate on low-frequency and recently introduced APIs, which have the least public

usage for a model to learn from [18], [20], and the newest APIs of a freshly released library version are

the extreme point of that scarcity.

That extreme point, an API introduced after the model’s training data was collected, is the cleanest

version of the problem and the one this thesis studies. Studying it requires knowing which APIs the

model cannot have learned, and no direct disclosure provides that knowledge: neither the Qwen2.5
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earlier release range behaviorally post-cutoff

torch release

1.12 1.13 2.0 2.1 2.2 2.3 2.4 2.5 2.6 2.7

effective knowledge

cutoff (estimated)

torch.compiler.is_compiling introduced in 2.3.0

12 sampled target rows (3 per version), base model: 0/12 exact

Figure 1.1: The operational post-cutoff setting studied in this thesis. The target API enters torch in version 2.3.0, and the sampled

evaluation surface contains twelve target rows pinned to versions 2.4.0 through 2.7.0, on which the base model produces 0/12

exact target completions. The dashed marker is a schematic behavioral estimate, since Qwen2.5 has no disclosed calendar

training-data cutoff.

technical report nor the Qwen2.5-7B-Instructmodel card discloses a calendar training-data cutoff [26],

[27]. Even a disclosed date would not settle the question, because a corpus collected on a date can

still omit an older API or include a newer one, and temporal evaluation that trusts dates alone risks

mistaking memorized prompt and solution patterns for changed knowledge [24], [28], [29]. We therefore

use post-cutoff operationally, following LibEvolutionEval’s behavioral estimation of effective knowledge

cutoffs [20]: an API counts as post-cutoff when it entered the library in a recent release and the base

model produces it on none of the tested baseline surfaces, the sets of benchmark requests that Chapter 5

defines. This zero baseline establishes behavioral absence on those surfaces, and it claims nothing about

latent knowledge or corpus contents, so later successes measure acquisition against an observed zero

rather than against an assumption about what the model once read. Figure 1.1 shows the construction

for the concrete probe of the single-API experiments: the horizontal axis is the release history of torch,
the dashed marker is the estimated effective cutoff (a behavioral estimate, since no calendar cutoff is

disclosed), and the target API torch.compiler.is_compiling enters the library in version 2.3.0, on the

far side of that estimate. The benchmark contains 30 completion rows whose correct answer is this API,

of which the sampled broad surface of the single-API experiments holds twelve, three for each of the

versions 2.4.0 through 2.7.0, and the base model completes none of the 30 with the target, the observed

zero from which every later acquisition claim is measured.

A post-cutoff API defined this way turns the model-update problem into a measurable experiment,

because the missing behavior is identified, the baseline is zero, and any later production of the target

is attributable to the intervention. The intervention this thesis studies is controlled fine-tuning with

Low-Rank Adaptation (LoRA), which trains a small additional set of weights, an adapter, while the

base model stays frozen [30]. The adapter’s training material is source-grounded synthetic data: synthetic

because every training example is written by a teacher LLM, a separate stronger model used only as a

data generator (Claude Sonnet 4.5 in this thesis [31]), and source-grounded because that teacher works

from each target API’s official sources, its documentation, signature, and tests. The question is whether

this data and such an adapter can reduce post-cutoff API hallucinations while three risks stay controlled:

the new API spreading onto code where it does not belong, damage to behavior that was already correct

(a known risk of fine-tuning on new facts [32]), and apparent improvement that only reflects familiarity

with the benchmark task.

The long-term motivation behind that question is library-version specialization, adapting a model so

that its API behavior matches one concrete dependency environment, and Figure 1.2 shows the pipeline

this goal implies. The pipeline starts from the target dependency setting, a library pinned at one version.

Public-API extraction then builds a versioned inventory of the interfaces that version documents for its

users, and this inventory serves twice, as the source from which target APIs are chosen and as the oracle

against which any generated API name can be checked for existence and version validity. Synthetic

example generation produces the source-grounded examples for the chosen targets, controlled LoRA

fine-tuning trains the adapter on those examples, and API-level evaluation measures what the adapter

established, what it spread onto unrelated code, and what it damaged. The experiments of this thesis

implement the adaptation and evaluation stages of this pipeline as controlled probes and stop short of a

complete specialist system.

A specialist adapter must eventually carry many APIs at once, and jointly taught APIs compete.

Siblings from the same namespace contend for the same completion contexts, an example that teaches
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Figure 1.2: Pipeline structure behind the long-term goal of library-version specialization. The experiments implement the

adaptation and evaluation stages as controlled post-cutoff API probes and stop short of a complete specialist system.

one API doubles as a context in which the others must stay silent, and the emission pressure that

establishes one target can push a related target onto rows where it is wrong. Whether adaptation survives

this competition among targets cannot be extrapolated from a single-API result, so the experimental

programme is staged by scale.

Each scale answers a question the previous one cannot. The one-API stage isolates the mechanisms,

because with a single target, acquisition, leakage, and retention separate cleanly, every training example

and benchmark row can be inspected by hand, and a failure can only come from a design choice, since

no interaction among targets exists yet. The five-API stage introduces the competition described above at

a size where the full measurement protocol, per-API scores, leakage accounting, and replication across

training seeds, still runs for every target. The twenty-five-API stage then asks the transfer question,

freezing the recipes validated at five APIs and applying them, without per-API tuning, to twenty APIs

they were never developed against, which tests whether the earlier conclusions describe the recipes or

only the APIs they were tuned on. Together the three scales connect the controlled probe to the coverage

a library-version specialist would need, with twenty-five APIs still an intermediate point on that path.

1.1. Problem Statement
This thesis addresses API hallucination in repository-aware Python code completion under fixed

dependency constraints, where the target library and version are known. A completion fails at the API

level when it produces a call, attribute, or signature usage that is invalid for the target environment

or when it omits the required target API, and Chapter 4 formalizes these outcomes as the API-level

taxonomy that scores every experiment.

We treat API hallucination reduction as a joint problem of acquisition, hallucination suppression,

specificity, retention, and scalability, measured at one, five, and twenty-five APIs under the same

benchmark family. The intervention is an API-specific LoRA adapter trained from source-grounded

synthetic data whose validation status is recorded explicitly, and it serves as an experimental probe of

whether missing API behavior can be established under measured acquisition, leakage, locality, and

retention constraints. LibEvoBench is the measuring instrument throughout, and runtime discovery of

the target API, through retrieval-augmented generation or otherwise, is outside the task.

Adapter routing and serving-time composition appear only in the discussion, because the task-vector

method used in the experiments is a training-time construction of one adapter from paired arms rather

than deployment-time routing among adapters. API identity and version validity are the primary

evaluation objects, general program correctness enters only through the separate retention suite, and

the twenty-five-API extension covers an intermediate scale while full coverage of a library release stays

open.

1.2. Objective and Research Focus
The objective is to determine whether source-grounded synthetic data and controlled LoRA adaptation

can reduce API hallucinations for post-cutoff APIs under fixed dependency constraints, and the one-API

probe makes acquisition, specificity, and retention measurable before the five-API and twenty-five-API

stress tests. Chapter 5 defines the exact evaluation surfaces derived from LibEvoBench.

We train on synthetic examples generated by a teacher LLM rather than on mined real-world code,

because the intended setting is adaptation at day zero, when a new library version has just been released

and the APIs of interest have few or no public usage examples to mine, while their documentation,

signatures, and tests are already available. A teacher model working from these sources can produce

training examples before the new API appears in real-world code, and it can produce them in controlled

proportions for each role the training design needs: positives, examples that require the new API,

anchors, examples whose correct answer is an already-known API, and hard negatives, close valid

alternatives for contexts where the new API is wrong. Deliberate generation also reaches what real code
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rarely shows, the negative space around an API, the contexts in which it must not be used. Provenance

stays auditable because every example traces back to a named source artifact, contamination is controlled

because nothing is copied from the evaluation benchmark, and every generated row can be mechanically

validated against the versioned API surface at construction time. Chapter 4 develops these roles and the

validation workflow in detail, and Chapter 6 reports which checks each corpus actually passed.

The primary objective measures the reduction through structured API-level outcomes instead of

one aggregate score, using exact target API match, the taxonomy rates, target leakage, and movement

on unrelated rows that Chapter 4 defines. A secondary objective identifies which data and training

conditions establish conditional target use and which only calibrate the benchmark task, by comparing

mixtures of the three data roles, task-diverse prompt formats, matched format controls, and adapter

construction choices. The final objective asks whether the one-API conclusions survive target competition

over five and then twenty-five APIs, where the recipes are applied unchanged, under criteria fixed

before launch, to the twenty new APIs.

Five progressive research questions (RQs) organize these objectives, each producing the evidence

the next one needs: RQ1 diagnoses how the base model fails on version-conditioned completion, RQ2

asks whether source-grounded synthetic data can encode the behavior those failures call for, RQ3 tests

whether a small LoRA adapter can teach one post-cutoff API while reducing the hallucinations that

replace it, RQ4 separates conditional target use from benchmark alignment, leakage, and interference,

and RQ5 follows the recipes to five and then twenty-five APIs. Chapter 3 states the five questions

formally, with the success reading each one carries.

1.3. Contributions
The work contributes the following artifacts:

• A formulation of post-cutoff API hallucination as a measurable subproblem of library-version

specialization, resting on the operational zero-baseline definition above.

• A workflow that generates source-grounded synthetic examples from API signatures, documen-

tation, tests, and availability metadata, renders them deterministically into training tasks, and

records which validation checks each corpus passed.

• A controlled adaptation methodology that compares direct LoRA training with matched-control

task-vector composition.

• An API-level evaluation protocol covering exact target use, the wrong-but-valid, phantom, anachro-

nistic, and no-API outcome classes, target leakage, paired movement, and retention, together with

an instrument audit that uncovered a coverage gap in the benchmark’s documentation-bearing

context levels and corrected the affected denominators and selection gate.

• Seed-replicated evidence at one, five, and twenty-five APIs, including the gap between contained

and scored API knowledge, target competition, and the retention effects needed to interpret the

successful operating points.



2
Background and Related Work

2.1. How Hallucinations Are Defined in the Literature
2.1.1. General LLM Hallucinations
General LLM studies typically define hallucination as plausible output that is non-factual or misaligned

with input context or instructions [9], [10]. These definitions recur in a two-way split between factuality

failures (knowledge mismatch) and faithfulness failures (instruction, context, or reasoning mismatch) [9].

Kalai et al. frame hallucinations as uncertainty-driven guessing amplified by training and evaluation

incentives, where LLMs learn that giving an answer is more profitable than not giving an answer,

especially in contexts where the model has very low confidence [7].

Benchmark work turns these definitions into measured tasks: HalluLens separates intrinsic from

extrinsic hallucination with dynamically generated tests [11], and the Hallucinations Leaderboard

evaluates factuality and faithfulness across several task families [10].

Mitigation studies report improvements under narrow conditions, through detection-and-correction

pipelines and abstention mechanisms [8], [33], and Gekhman et al. show, on the training side, that

fine-tuning on new facts can increase hallucination tendency as those facts are learned [32], the update

risk that the retention axis of this thesis measures. Table 2.1 summarizes these definition lenses and the

evidence each paper reports.

2.1.2. Code-Level Hallucinations
Where the general definitions above must choose an evidence source, code-hallucination papers inherit

one from execution and define failure at the executable artifact level (Table 2.2). Liu et al. conduct a

Table 2.1: General LLM hallucination definitions and paper-reported evidence.

Work Definition Lens Taxonomy / Axes Paper-Reported Signal

Huang et al.

survey [9]

Hallucination as

plausible but

unsupported output

Factuality

vs. faithfulness split and

subtype taxonomy

Survey synthesis

spanning causes,

detection, and mitigation

Kalai et al. [7] Hallucination as

uncertainty-driven

guessing

Statistical/incentive-

misalignment framing

Explains persistence via

benchmark scoring

pressure

HalluLens and

Hallucinations

Leaderboard [10],

[11]

Benchmark-centered

operational definition

Intrinsic/extrinsic and

factuality/faithfulness

dimensions

Dynamic benchmark

construction and

multi-task model

comparison

ABSTAIN and

update-risk work [8],

[32]

Overconfident forced

generation and unstable

updating

Single-token abstention

mechanism and

post-training risk

analysis

95%→ 0% in the

controlled single-token

setup, while update

learning can raise

hallucination tendency

6
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Table 2.2: Code-level hallucination definitions with dataset scale and quantitative signals from the original papers.

Work Primary Definition Taxonomy / Categories Scale / Reported Signal

Liu et al. [12] Conflict with require-

ments, context, or

knowledge

Three primary categories

and 12 specific types

3,120 generated samples

with prompt-based mitiga-

tion explored

CodeMirage [13] Hallucination as plausi-

ble but defective gener-

ated code

Dead or unreachable

code, syntactic incorrect-

ness, logical error, robust-

ness issue, security vul-

nerabilities

1,137 GPT-3.5 hallucinated

snippets from HumanEval

and MBPP

CodeHalu [14] Execution-verified mis-

match with required be-

havior

Mapping, naming, re-

source, logic

CodeHaluEval: 8,883 sam-

ples, 699 tasks, 17 LLMs

Spracklen et al. [15] Dependency-level fac-

tual conflict

Package confusion and

hallucinated dependen-

cies

DeepSeek fine-tuning

reaches 2.66% hallucina-

tion while pass@1 falls

from 51.4% to 25.3%

Krishna et al. [16] Package hallucination as

supply-chain vulnerabil-

ity surface

Cross-language/model

risk-factor analysis

Hallucination rate varies

by model, size, language,

and prompt specificity

thematic analysis over 3,120 LLM-generated code samples and define three primary categories with 12

specific types before exploring prompt-based mitigation [12], while CodeMirage defines hallucinated

code as plausible but defective, with five categories covering dead or unreachable code, syntax,

logic, robustness, and security, and a benchmark of 1,137 GPT-3.5 hallucinated Python snippets from

HumanEval and MBPP [13]. CodeHalu instead verifies failure by execution, with mapping, naming,

resource, and logic classes, and evaluates 17 LLMs on 8,883 CodeHaluEval samples from 699 tasks [14].

Package-hallucination studies add a security lens: Spracklen et al. generate 576,000 samples across

16 models and find average hallucinated-package rates of at least 5.2% for commercial and 21.7% for

open-source models, with 205,474 unique hallucinated names [15]. Their fine-tuning mitigation cuts

DeepSeek’s package-hallucination rate to 2.66% while its HumanEval pass@1 falls from 51.4% to 25.3%, a

repaired hallucination bought with general coding ability. Importing Phantoms likewise finds variation

by model, language, model size, and task specificity, together with an inverse relationship to HumanEval

performance [16].

2.1.3. API Hallucinations in Version-Specific Code
API hallucinations narrow code hallucinations to interface validity under concrete dependencies,

including non-existent API calls, signature misuse, unavailable imports, and version-mismatched

usage [17], [18], [19]. AutoAPIEval defines API recommendation and API-oriented code-example

generation with four metrics [17]. IncorrectAPI combines API nonexistence and complete-signature

mismatch for recommendation, while NoAPIInvoked, Uncompilable, and Unexecutablemeasure three

separate failures in generated examples.

CloudAPIBench counts an invocation as valid only when it binds successfully against a stub mirroring

the API’s documented signature, a check on the method name and the argument structure [18]. GPT-4o

low-frequency validity rises from 38.58% to 47.94% with documentation-augmented generation, while

a suboptimal retriever causes a 39.02-point drop on high-frequency APIs. Selective triggering is a

separate comparison that raises overall GPT-4o validity from 66.40% to 74.60%, an 8.20-point gain [18].

MARIN/APIHulBench defines Micro Hallucination Number (MiHN), the mean number of hallucinated

API elements per generated API, and Macro Hallucination Rate (MaHR), the share of generated APIs

containing at least one hallucination [19]. The paper reports reductions of 67.52% in MiHN and 73.56%

in MaHR relative to its retrieval-augmented generation (RAG) baseline, with separate results on internal

industrial projects [19].

Version-aware evaluation then tests API hallucination under evolving libraries. LibEvolutionEval

covers eight libraries through annual snapshots over multiple years, reporting API-call F1 for completion

and mean reciprocal rank (MRR) for version-specific documentation retrieval [20], and VersiCode covers
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Table 2.3: Cross-level matrix: how hallucination definitions become stricter from natural language to version-specific code.

Level Evidence Source Typical Failure Unit Representative Metrics /
Benchmarks

General LLM hal-

lucination

World knowledge, promp-

t/context, model uncer-

tainty [7], [9], [11]

Unsupported factual

claim or unfaithful

response behavior

Factuality/faithfulness bench-

mark suites, intrinsic/extrin-

sic tasks [10], [11], [34], [35]

Code-level halluci-

nation

Program requirements, ex-

ecution outcomes, depen-

dency correctness [12], [13],

[14]

Defective code artifact

in the logic, syntax, re-

source, or dependency

class

Liu taxonomy, CodeMirage,

and CodeHaluEval category-

specific evaluation [12], [13],

[14]

API hallucination

(version-specific)

Library docs, dependency

graph, target package ver-

sion [17], [18], [19]

Invalid recommendation,

signature mismatch,

version-incompatible call

or import

AutoAPIEval rates, MiH-

N/MaHR, Pass@k, CDC@k,

and executable tests [17], [19],

[21], [22], [23], [24]

version-specific completion and version-aware code migration over more than 300 Python libraries and

more than 2,000 versions, scored with Pass@k, identifier sequence match (ISM@k), and prefix match

(PM@k) for completion and Critical Diff Check (CDC@1/3) for migration [21].

GitChameleon contains 116 executable version-conditioned tasks, on which GPT-4o solves 39.9% at

pass@10, or 43.7% with error feedback, a task counting as solved when at least one of ten completions

passes its tests [22], and GitChameleon 2.0 extends the executable evaluation to Python library

incompatibilities with hidden-test success and API hit rate [23]. CodeSyncBench covers 220 APIs from

six libraries with 3,300 test cases and 2,200 update-aware training samples, and its evaluation of 14

LLMs reports persistent synchronization errors even after direct preference optimization (DPO), odds

ratio preference optimization (ORPO), and simple preference optimization (SimPO) updates [24].

LibEvoBench evaluates the same completion tasks across pinned library versions while separating

evolving from stable APIs [25], and because the empirical chapters use it as their measuring instrument,

Section 2.2.1 describes its tasks, context levels, and findings in full. This thesis defines API hallucination

operationally as version-invalid API behavior under repository-aware completion.

To make the transition from language-level hallucinations to repository-level API failures explicit,

Table 2.3 provides a cross-level definition matrix grounded in the cited papers.

2.2. Benchmarks for API Reliability Under Library Evolution
The strictest level of the matrix above, version-specific code, is where recent evaluation has moved:

benchmarks now measure API validity jointly with executability and update synchronization in dynamic

version-aware settings. Table 2.4 summarizes benchmark scopes and headline quantitative signals

reported by the papers.

Across the benchmark families, low-frequency and dependency-constrained APIs produce more

errors than well-represented APIs [18], [19], performance changes across library versions and years [20],

[21], [22], [24], and update-aware post-training reduces but does not remove the errors [24]. These

findings motivate measuring version-specific target behavior together with non-target movement and

retention.

2.2.1. LibEvoBench
LibEvoBench, the measuring instrument of the empirical chapters, evaluates completion tasks mined

from real public repository code across pinned library versions while separating evolving from stable

APIs, a design its authors call temporal knowledge stratification [25]. It defines three task types, which the

paper names API Calling, API Identification, and Signature Recall and which this thesis abbreviates

as T1, T2, and T3: T1 masks one API expression in a real code context and asks for the replacement,

T2 asks for the API name given its module path and a description with the name redacted, and T3

asks for the signature of a named API, scored by parameter-name overlap. Completion prompts

render at four context levels, where L0 gives the code only, L1 adds a redacted docstring that describes

the target API without naming it, L2 further adds an explicit version requirement of the form #
requires: lib==version, and L3 replaces the documentation with the revealed API name next to the
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Table 2.4: Comparison of benchmark resources used to study API reliability under evolving software ecosystems.

Benchmark Scope Reported in Paper Version-Aware? Task / Metric Focus Headline Signal from Pa-
per

AutoAPIEval [17] Two tasks and four metrics

in a three-LLM case study

Partial IncorrectAPI, NoAPIIn-

voked, Uncompilable,

Unexecutable

Reports model variation

across the two tasks

CloudAPIBench [18] Frequency-annotated API

benchmark

Implicit Invocation validity and

retrieval strategy

Selective triggering raises

GPT-4o overall validity from

66.40% to 74.60%

APIHulBench

(MARIN) [19]

Six-LLM benchmark with

dependency-aware decod-

ing constraints

Project-aware API hallucination

counts/rates (MiH-

N/MaHR)

Versus RAG, MiHN is

67.52% lower and MaHR is

73.56% lower

LibEvolutionEval [20] Eight libraries across an-

nual snapshots over mul-

tiple years

Yes API-call F1 and

documentation-retrieval

MRR

Reports variation across li-

brary evolution

VersiCode [21] >300 libraries and >2,000

versions across nine years

Yes Completion with Pass@k,

ISM@k, PM@k and mi-

gration with CDC@1/3

Reports difficulty with ver-

sion control

GitChameleon [22] 116 executable version-

conditioned problems

Yes pass@k with executable

tests

GPT-4o pass@10 is 39.9%, or

43.7% with feedback

GitChameleon 2.0 [23] Follow-up benchmark fo-

cused on Python version

incompatibilities

Yes Hidden-test success rate

and API hit-rate analysis

Extends executable evalua-

tion of version-specific fail-

ures

CodeSyncBench [24] 220 APIs, six libraries,

3,300 tests, and 2,200

update-aware samples

Yes Synchronization with

real API updates

Reports persistent errors af-

ter preference updates

LibEvoBench [25] Version-pinned comple-

tion on evolving and stable

APIs

Yes Temporal stratification

and SEUS

Reports that documentation

helps while version strings

alone do not

CodeHaluEval [14] 8,883 samples over 699

tasks for execution-based

hallucination analysis

Indirect Mapping, naming, re-

source, and logic error

profiling

Complements API bench-

marks with broader code

hallucination diagnostics

Table 2.5: Retrieval-oriented baselines in API hallucination papers and their reported trade-offs.

Work Retrieval Baseline Form Paper-Reported Benefit Paper-Reported Limitation

CloudAPIBench [18] Documentation-

augmented generation

(DAG) for API completion

Improved low-frequency

API validity with DAG and

selective triggering

Performance can degrade

under sub-optimal re-

trieval/triggers, especially

on high-frequency APIs

APIHulBench

(MARIN) [19]

RAG baseline versus hier-

archical dependency-aware

mitigation

Lower MiHN and MaHR

than RAG on benchmarked

settings

RAG remains the bench-

mark comparator, and

industrial-project results

are reported separately

version requirement, shifting evaluation at that level to the predicted parameters. On this design the

authors report that state-of-the-art models are largely version-oblivious, with performance degrading

on evolving APIs while remaining flat on stable ones, and that the documentation added at L1 improves

accuracy while the version requirement added at L2 does not [25]. Which task type and context level

this thesis evaluates, and why the remaining ones are excluded, is fixed in Chapter 4.

2.2.2. Retrieval-Augmented Baselines
RAG provides an inference-time comparison because it supplies external API information without

changing the base weights. CloudAPIBench reports gains from documentation-augmented generation

together with sensitivity to retriever quality and triggering strategy [18]. MARIN/APIHulBench

compares its hierarchical dependency constraints with RAG and reports lower MiHN and MaHR in the

evaluated settings [19] (Table 2.5).

2.3. Temporal Generalization and Memorization Risks
Evaluation protocols for evolving APIs also need to separate true adaptation from memorization

effects. EvoCodeBench argues that data leakage and missing domain-specific evaluation can bias

code-generation benchmarking [28]. Memorize-or-Generalize reports that LLM code generation can

depend heavily on memorized prompt and solution patterns and that performance drops on evolved
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problem variants, indicating fragile generalization [29].

These findings matter for version-conditioned completion because overlap between adaptation

examples and benchmark prompts can inflate apparent API acquisition. The methodology therefore

records source provenance and checks complete prompt-answer overlap between the synthetic corpora

and the benchmark before interpreting downstream utility.

2.4. Fine-Tuning Strategies for Reducing API Hallucinations
2.4.1. Update-Aware Supervision and Preference Optimization
The CodeSync result above, residual synchronization errors after update-aware instruction tuning and

preference optimization, motivates objectives and controls that measure target behavior directly [24].

2.4.2. Reinforcement Learning for API Knowledge Updating
ReCode proposes rule-based reinforcement learning for outdated API behavior, using an approximately

2,000-example migration dataset and rewards based on code similarity under updated constraints, and

reports stronger adaptation on unseen API-update tasks with less degradation of general coding ability

than its supervised fine-tuning baseline [36]. Its optimizers include group relative policy optimization

(GRPO), which DeepSeekMath established at scale in mathematical reasoning [37], and decoupled clip

and dynamic sampling policy optimization (DAPO), a later refinement of GRPO [36], [38], so such

pipelines are feasible even though none of this work supplies evidence about versioned APIs.

2.4.3. Catastrophic Forgetting and Hallucination Risk During Updating
The update risk of Gekhman et al., cited above, belongs to the training stage of the same problem,

and fine-tuning robust policy optimization (FRPO) responds to it by optimizing policies for stability

under later fine-tuning shifts, reporting reduced forgetting in its post-training experiments [32], [39].

API-update evaluation therefore needs both target acquisition and retention of previously reliable

behavior.

2.5. LoRA-Based Version Specialization
For the per-release updating that library evolution demands, the cost of each update matters, and

parameter-efficient fine-tuning (PEFT) addresses it by training a small set of additional parameters while

the base weights stay frozen. LoRA is the reference instance of this idea for large language models: it

represents the weight update of selected matrices as a product of two low-rank factors, which reduces

the trainable parameters and optimizer state by orders of magnitude, and the learned update can either

be merged into the base weights or kept as a small separate artifact [30]. Three consequences make this

a plausible mechanism for library-version specialization: adaptation becomes cheap enough to repeat

for every release, the per-version artifact is small enough to store and distribute in large numbers, and

the base model remains shared, so adapters for many dependency environments can coexist around one

deployment.

The LoRA literature has since branched along the axes that such a per-version workflow would

stress, lowering the cost of the adaptation step [40], stabilizing and budgeting the low-rank update [41],

constraining it against interference with pretrained knowledge [42], shrinking the per-adapter storage

footprint [43], and serving many adapters concurrently over one base model [44]. None of this work,

however, asks whether an adapted model uses a newly taught API only where that API is correct.

LoRA thus supplies a controlled adaptation substrate in which the base model remains frozen while

a small update carries the target pressure, and Chapter 4 builds the experimental probe on that property,

while per-version routing, production serving, and dynamic composition among deployed adapters

remain outside the empirical scope set in Chapter 1.

2.6. Synthesis and Research Gap
Across the reviewed benchmarks, API and version errors persist at benchmark scale over evolving

libraries and long time ranges [20], [21], [23], [24], [25], retrieval helps when the right documentation is

found but stays sensitive to retrieval quality and triggering [18], [19], and training-side updates report

gains together with residual errors or forgetting risk [15], [32], [36], [39]. The PEFT literature supplies an

efficient substrate for controlled weight updates, yet nothing in it determines whether a benchmark gain
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reflects use of the intended APIs in the right contexts, calibration to the benchmark task, or emission of

newly taught symbols where they do not belong [30], [40], [41], [42], [43], [44].

No reviewed study, however, starts from an API the model demonstrably cannot produce, teaches it

from synthetic examples grounded in the library’s own sources, and then measures side by side whether

the model uses the API where it is required, emits it elsewhere, and keeps its unrelated behavior intact

as the number of taught APIs grows. This thesis studies that combination through controlled LoRA

adaptation and task-vector composition, as formalized in the research questions of Chapter 3.



3
Research Questions

Chapter 2 closed with the gap that no reviewed study starts from an API the model demonstrably cannot

produce, teaches it from synthetic examples grounded in the library’s own sources, and measures

target use, misuse, and unrelated behavior together as the number of taught APIs grows. Five research

questions turn that gap into the experimental programme of this thesis, and they build on one another:

the failure diagnosis of RQ1 tells the data construction of RQ2 what to encode, the audited data feeds the

one-API adaptation probe of RQ3, the controls of RQ4 establish what that adaptation actually changed,

and RQ5 tests whether the controlled recipes survive five and then twenty-five jointly trained APIs.

Every question is answered on the LibEvoBench completion benchmark [25] under the measurement

protocol of Chapter 4, so the chain of evidence stays on one instrument from diagnosis to scale-up.

1. RQ1: How does the base model fail on version-conditioned API completion, and what does it
produce instead on the post-cutoff target APIs?
Before any adapter is trained, the baseline outputs on the broad benchmark sample are classified

by the failure taxonomy of Chapter 4 into phantom, wrong-but-valid, anachronistic, and no-API

outcomes, together with the substitutes the model prefers when it is wrong. The analysis then

narrows to the post-cutoff target APIs, where the same classification shows what stands in

for a symbol the model never produces, and a pre-declared family-proximity rate makes the

nearby-substitute question mechanical for the controlled target. This measured structure decides

what the training data of RQ2 must teach, while signature-level errors and variation across task

types remain problem motivation outside the completed evidence.

2. RQ2: Can source-grounded synthetic data encode the behavior needed to repair these failures,
and how far can that adequacy be verified?
A teacher model works from each target API’s signature, documentation, tests, and availability

metadata, and RQ2 asks whether the corpora it produces demonstrably contain the target behavior,

usage contexts, and decision boundaries that the RQ1 diagnosis calls for. The answer is read

from the corpora themselves: coverage of the data roles and hard-negative families, the repetition

that rendering and epoch expansion introduce, traceability to sources, validator outcomes with

their applicable denominators, and prompt-answer overlap with the benchmark, all under the

validation ladder of Chapter 4. Adequacy is claimed only as far as those checks reach, which

keeps what the data contains separate from what a model later does with it.

3. RQ3: Can a small LoRA adapter teach one post-cutoff API and reduce the phantom and
substitute hallucinations that replace it?
The probe trains an adapter for one such API, torch.compiler.is_compiling, and asks whether

the model then completes the benchmark’s target rows with that API, stops producing the phantom

and substitute answers that previously filled them, and leaves the rows where the API does

not belong untouched. Acquisition is exact target match on the benchmark target rows and the

diagnostic allowlist, leakage is reported as the labeled mention and resolved pair, and the paired

movement metrics of Chapter 4 track what else changes on the same scored rows. RQ3 is answered

12
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positively when target use rises while leakage, forgetting, and damage to already-correct rows

stay measured and low.

4. RQ4: Which training and control choices separate conditional target use from benchmark
alignment, leakage, and interference?
A benchmark score can improve without any conditional target use, because fine-tuning may

teach the output format, raise a general prior toward valid APIs, leak the new symbol onto rows

where it is wrong, or damage behavior that was already correct. RQ4 therefore compares task

formats, data compositions, matched format controls, and weight-space constructions in which

everything but one ingredient is held fixed, so that each measured movement has an attributable

source. Preference optimization and reinforcement learning remain discussed methods outside

the completed evidence, for the reasons Chapter 7 develops.

5. RQ5: Do the resulting recipes scale from one post-cutoff API to five and then twenty-five?
RQ5 moves from isolated target use toward the multi-API behavior a library-version specialist

requires, and it adds what the one-API probe cannot show, competition among jointly trained

targets and the cost of broader coverage. The five-API stage measures that competition together

with variation across training seeds in a compact setting, and the twenty-five-API stage applies the

frozen recipes, unchanged and under criteria fixed before launch, to twenty APIs they were never

tuned on. The answer counts how many APIs improve, how gains vary across targets and seeds,

and whether broader coverage raises leakage, interference, or retention cost, on denominators

restricted to the rows the benchmark actually asks, which Chapter 5 fixes together with the cohort

split.

Chapter 4 turns these questions into a measurement pipeline, and Chapter 6 answers them in order.



4
Methodology

4.1. Method Overview
Chapter 3 fixed the research questions, and this chapter defines the pipeline that answers them,

summarized in Figure 4.1. We first approximate the versioned public API surface that a library

documents for its users, the inventory from which candidate targets are drawn and against which

predictions are checked for version validity. The base model’s failures on the benchmark are then

classified by an API-level taxonomy, and target APIs are selected only where the baseline shows a

measured zero on the tested requests. A teacher model generates synthetic training data from source-

grounded API metadata, documentation, signatures, tests, and controlled code contexts, with every

row assigned an explicit role. LoRA adapters are trained on this data in two method families, called

lanes throughout: direct SFT, which trains one adapter on the full data mixture, and task-arithmetic

composition, which trains a matched pair of adapters, one with target-API pressure and one without,

and composes their weight-space difference.

Every adapter from either lane is evaluated on the same matched benchmark rows for acquisition,

leakage, and paired movement, because the experiments must distinguish production of a new API

from conditional use in contexts where that API is correct, and the selected operating points are then

checked for retention on control benchmarks outside the API benchmark. The protocol runs at one

target API and scales to five and then twenty-five, with the concrete model, corpora, and target sets

fixed in Chapter 5.

The dashed redesign loop in Figure 4.1 was driven by two signals: the paired-movement diagnostics

base model

LibEvoBench

T1/L2 evaluation

failure taxonomy,

target selection

versioned public

API inventory

source-grounded

synthetic data

(roles)

LoRA SFT

adaptation

broad and

target-slice

re-evaluation

paired movement

analysis

(wins, losses,

leakage, churn)

data and control redesign

held-out de-

velopment

probes (elicitation,

leakage)

Figure 4.1: Methodological pipeline used to separate target API acquisition from benchmark-format learning, leakage, and

non-target movement. Diagnosis on the benchmark selects the target and the failure categories, data construction encodes them

as roles, and every adapter returns to the same matched-row evaluation and paired movement analysis. Two signals feed the

dashed redesign loop, the paired-movement diagnostics on the benchmark side and the held-out development probes on the

elicitation side.
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on the benchmark side, and a small set of held-out development probes, prompts that lie outside

the benchmark format and were never trained on, whose outcomes steered data revisions between

generations.

The benchmark fills two roles that stay separate from the training data, serving as the measuring

instrument for every reported claim and, through its target slice, as selection data under the protocol

of Chapter 5. No benchmark row enters any training set, and the same row-level scoring protocol

determines whether an adapter produces the target API, improves output compliance, leaks it onto

rows where it is not the answer, or moves unrelated rows.

4.2. Benchmark Output Analysis and Failure Taxonomy
The benchmark used throughout is LibEvoBench [25], whose three task types (T1 masked-expression

completion, T2 API identification from documentation, T3 signature production) and four context levels

L0 through L3 are described in Section 2.2.1.

We use T1 because the studied failure is the choice of API identity inside code context, and we

evaluate at L2 because it carries both the redacted documentation and the pinned-version requirement

while still withholding the API name, the fullest rendering of the intended setting. L3 is excluded

from acquisition claims because success there can be copying, and T2 and T3 are unused because

documentation lookup and signature production are different constructs from the API-identity choice

under study. Signature and argument checks are treated as a separate layer because an output can name

the correct API while still using stale or invalid parameters.

The first analysis step turns generated benchmark responses into API predictions and classifies

them against a versioned compatibility matrix. For the T1 completion rows, the scorer reassembles the

completion with the code stem, the prompt’s code prefix ending at the mask, removes any repeated

prefix, and compares the dotted API path before the first parenthesis with the gold fill by string equality,

an exact API identity match (api_em). Each predicted path is also resolved when possible and checked

for existence in the target library version against the versioned API inventory, this check and the gold

comparison together assign every scored row one taxonomy class, and the concrete prompt rendering

and row samples are specified in Chapter 5.

Table 4.1 formalizes the failure modes of Chapter 1 as the outcome classes used throughout the thesis,

adding the no_api class for rows that emit no resolvable API. A wrong_api_valid prediction names

an API that exists in the target version but is not the one the row requires, so it is a wrong-but-valid

benchmark error and stays outside the strict-hallucination categories, which contain only the phantom
and anachronistic predictions that fail API validity directly.

The reported taxonomy has no separate unresolvable category. If the scorer cannot extract a versioned

API path, the row is reported as no_api, while signature validity remains a separate validation layer.

The family-proximity rate counts predicted paths in the target’s compiler namespace or the adjacent

Dynamo and JIT introspection namespaces. We defined the rate before the analysis so that the nearby-

substitute question of RQ1 stays mechanical. Availability metadata then decides whether a substitute is

anachronistic, and qualitative inspection explains the cases the rate cannot distinguish.

Aggregate exact match is not sufficient for this thesis because target rows can be sparse inside a

broad benchmark sample. A broad exact-match gain may come from non-target task calibration, fewer

Table 4.1: Failure taxonomy for API-level benchmark outputs.

Category Definition Interpretation

correct Predicted API equals target API after

normalization.

Exact API success.

wrong_api_valid Predicted API exists in the target version

but is not the target.

Wrong row-level choice, but not a strict

hallucination.

phantom Predicted API is absent from known

version inventories.

Direct API hallucination.

anachronistic Predicted API exists in another version but

not in the target version.

Version-specific hallucination.

no_api No resolvable API is emitted. Output-contract failure, abstention, or task

failure.
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Table 4.2: Paired movement metrics used to interpret benchmark changes.

Metric Definition

wins Rows where the baseline is wrong and the adapter is correct.

regressions Rows where the baseline is correct and the adapter is wrong.

net movement Wins minus regressions.

churn Rows where the prediction changes, regardless of correctness.

mention leakage Non-target rows whose raw completion contains a trained target string.

resolved leakage Non-target rows whose extracted prediction resolves to a trained target API.

no_api outputs, fewer phantom predictions, or row churn that is unrelated to the target API. For that

reason, every candidate adapter is compared against the baseline on matched rows using the movement

metrics in Table 4.2.

These metrics define the interpretation protocol for later chapters: a useful adapter should increase

target recall while keeping mention leakage, resolved leakage, and regressions low, while a broad-score

improvement with flat target recall is treated as consistent with task calibration or general API-selection

movement. Taxonomy shifts are read beside exact match and the leakage pair, and an exact-match gain

paired with falling phantom and anachronistic mass means that hallucinated output was replaced by

correct API use. A rising anachronistic share is the taxonomy signature of leakage, the trained target

landing on rows pinned to versions that predate its introduction.

4.3. Versioned Public API Inventory
4.3.1. Objective and Design Criteria
The goal of the extraction stage is to approximate the public API surface that developers are expected to

use for a specific library version. For the downstream data-generation stage, we require the extractor to

be version-specific, because the same library can expose materially different interfaces across releases,

precise, so that synthetic examples are not dominated by semi-internal or developer-only objects, and

operationally robust across heterogeneous third-party packages.

To select an extraction strategy, we compared four families of methods: runtime introspection, static

source analysis with Griffe [45], static source analysis with AutoAPI [46], and Sphinx [47] inventory

mining through the published objects.inv file. We used the comparison to decide which method

yields the most suitable target set for version-specific synthetic data generation, with none of the four

extractors taken as ground truth.

The aggregate extraction tables in this section are thesis-local analysis summaries from the public-API

extraction comparison script family in the project repository, including the generic and pinned-version

comparison drivers and their runtime, Griffe, AutoAPI, and Sphinx-inventory extractor wrappers, and

in this chapter they are used as method-design evidence only.

4.3.2. Runtime Introspection as a Reference Extractor
As a broad reference, we implemented a runtime introspection procedure that operates on isolated

environments pinned to exact library versions. For each target version, the procedure creates a clean

environment, installs the requested package version together with minimal compatibility constraints

when necessary, imports the target namespace, discovers public submodules, and recursively inspects

reachable public objects together with their call signatures. When a library exposes multiple public

namespaces, each namespace is inspected separately and the resulting API sets are merged.

For version-to-version comparison, extracted API paths are aligned by normalized name and their

signatures are compared to identify added APIs, deleted APIs, and signature updates. Signature

updates are further separated into changes affecting required arguments and changes affecting optional

arguments. This procedure provides a useful approximation of the runtime-discoverable surface of a

library version, but it is intentionally permissive: objects that are technically reachable at runtime can

still be included even when they are not part of the maintainer-curated public interface. For that reason,

runtime introspection is treated here as an upper-bound reference.
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Table 4.3: Documentation-tooling prevalence among the filtered top-500 end-user-facing Python libraries. The conservative

automatic-documentation category groups Sphinx, mkdocstrings, and pdoc.

Metric Count Share

End-user-facing libraries 468 100.00%

Sphinx users 295 63.03%

Conservative automatic-doc users 320 68.38%

Table 4.4: Normalized API counts produced by four extraction methods on the pinned-version comparison.

Library Version Runtime Griffe AutoAPI Sphinx

torch 2.2.0 189,285 42,421 15,519 4,911

numpy 1.26.4 38,088 9,150 11,510 2,489

matplotlib 3.8.4 37,705 10,388 7,586 6,210

Table 4.5: Adequacy of the Sphinx-derived API set. Consensus denotes APIs that appear in at least three of the four compared

extraction methods.

Library Version Precision vs runtime Recall vs runtime F1 vs consensus

torch 2.2.0 0.7776 0.0202 0.4766

numpy 1.26.4 0.8297 0.0542 0.4668

matplotlib 3.8.4 0.8775 0.1445 0.6561

Macro n/a 0.8282 0.0730 0.5332

4.3.3. Documentation Tooling Among Popular Python Libraries
Before comparing extraction quality on pinned versions, we examined how common documentation-

based API publication is among widely used Python libraries. After filtering the top-500 downloaded

PyPI packages to 468 end-user-facing libraries, 295 libraries (63.03%) were found to use Sphinx, while 320

libraries (68.38%) used a conservative automatic documentation stack consisting of Sphinx, mkdocstrings,

or pdoc. Table 4.3 summarizes these aggregate counts.

These numbers do not prove that every such library publishes a perfectly curated public API

inventory, and the end-user-facing filter is itself heuristic, but they show that documentation-driven API

publication is common enough to be a practically meaningful signal.

4.3.4. Pinned-Version Comparison and Final Method Choice
We then carried out the exact-method comparison on three representative pinned versions drawn from

three widely used libraries: torch==2.2.0, numpy==1.26.4, and matplotlib==3.8.4. Table 4.4 reports

the normalized API-set sizes produced by each extractor after filtering private and malformed paths.

Runtime extraction produces the largest surface in every successful case, reaching 189,285 APIs for

torch==2.2.0, Griffe and AutoAPI are smaller but still typically much larger than Sphinx, and Sphinx

inventory mining is always the smallest successful extractor. The counts differ because runtime and

source-structure extractors enumerate broad reachable or source-visible surfaces, whereas Sphinx tends

to approximate the explicit public interface that maintainers document for end users.

To quantify this distinction more directly, we compared the Sphinx-derived set against both

the runtime extractor and a multi-method consensus set. The runtime comparison treats runtime

introspection as a broad reference and therefore emphasizes whether Sphinx behaves like a conservative

subset, while the consensus comparison defines a core API proxy as the set of paths appearing in at

least three of the four compared methods, with the resulting metrics in Table 4.5.

Table 4.5 shows Sphinx to be consistently high precision with respect to runtime extraction (macro

precision 0.8282) at low runtime recall (macro 0.0730): it behaves like a conservative subset of the

much larger runtime-visible surface and cannot serve as an exhaustive extractor. Runtime discovery

also depends on the host platform, and our extraction ran on a Linux CUDA machine, so it could not

have discovered platform-specific surfaces such as Apple-Silicon-only PyTorch APIs. Despite being

conservative, the Sphinx-derived set still captures a substantial portion of the API core shared across

methods (macro F1 0.5332), a materially more favorable reading than the runtime comparison.
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Each of the three pinned libraries exposes a different limitation of the alternative extractors. For torch,
the comparison exposes severe surface expansion under runtime and source-based extraction, which

is undesirable for downstream data generation because it would inject large amounts of semi-public

structure. For numpy, the weak overlap between Sphinx and AutoAPI suggests that source-visible objects

are not automatically a reliable proxy for the intended documented interface. For matplotlib, the Griffe

run yields 10,388 normalized APIs, comprising 3,266 function entries and 7,122 method entries. Sphinx

nonetheless remains the most conservative successful extractor for this library, which is desirable for

downstream public-API targeting.

Appendix A provides a visual summary of both comparisons. Based on these observations, we chose

Sphinx inventory mining as the public-API grounding signal for future library-version specialists. In the

scoped experiments of this thesis, the extraction analysis plays a narrower role, motivating the choice of

target APIs from maintainer-documented public surfaces instead of the much larger runtime-visible

API graph. Runtime introspection is retained as a diagnostic reference during method comparison.

4.3.5. Downstream Use and Target Selection
The versioned inventory is used downstream to select public targets, to distinguish valid outputs from

phantom and anachronistic outputs, to supply lifecycle labels for added or changed APIs, to enable

hard-negative selection from semantically nearby valid APIs, and to provide signatures or parameter

sets for static checks, making the inventory both a data-construction resource and an evaluation oracle.

We selected the controlled target torch.compiler.is_compiling using the following criteria:

• It is a documented public PyTorch API.

• It is post-cutoff or weakly represented in the base model.

• The baseline fails exact-match target diagnostics on it.

• Semantically nearby wrong alternatives exist, including compiler, tracing, and runtime-state

predicates.

• It is narrow enough for manual inspection and mechanical validation.

4.4. Parameter-Efficient Adaptation with LoRA SFT
With the target selectable from the inventory above, the reported adaptation method is supervised

fine-tuning with LoRA, in which the base model remains frozen and each adapted weight matrix

receives a low-rank update:

𝑊 =𝑊0 +
𝛼
𝑟
𝐵𝐴,

where 𝐴 and 𝐵 are trainable factors of rank 𝑟 and 𝛼 is a fixed scaling constant. The SFT objective

minimizes negative log-likelihood on assistant or completion targets:

ℒSFT = −
∑
𝑡∈𝑌

log 𝑝𝜃0+Δ𝜙 (𝑦𝑡 | 𝑥, 𝑦<𝑡),

where 𝑌 is the set of target-span token positions, 𝑥 the rendered prompt, 𝜃0 the frozen base weights,

and Δ𝜙 the adapter update.

Only tokens in the target response span are treated as the desired output, which makes the rendered

task family, the prompt-and-answer format in which a training row is presented (Section 4.6.4), a

methodological variable: each family trains the same API identity while placing different pressure on

task alignment, output compliance, and transfer.

Candidate checkpoints are selected first on the target allowlist (every benchmark row whose gold

answer is a target API, defined concretely in Chapter 5) and then by jointly inspecting target recall,

leakage, broad non-target movement, and taxonomy shifts, because a checkpoint that maximizes target

recall may also leak the target API onto unrelated rows, and this joint inspection makes paired movement

analysis part of the method itself.

We treat preference and reinforcement-learning objectives as extensions in this chapter, and they

contribute nothing to the reported empirical core, because DPO, KTO, GRPO, and DAPO are relevant to
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this problem only when the reward or preference signal is API-level rather than string-level, a constraint

that Chapter 7 develops into concrete reward requirements. Engineering efficient reward functions and

setting up the infrastructure necessary for these fine-tuning methods is in itself an extensive research

process, which is why we excluded them from the scope of this project.

4.5. Task Arithmetic as a Diagnostic Control
Task arithmetic [48] treats fine-tuning as movement in weight space. Training a model on a task moves

its parameters from the base point to a new point, and the difference between the two, the task vector of

that run, records everything the training changed. Task vectors compose to a useful approximation:

adding one to the base model reinstates much of the trained behavior, adding several combines their

behaviors, and subtracting one weakens or removes its behavior. Subtraction in particular gives a way to

ask what one training run learned relative to another, because when two runs share everything except

one ingredient, the difference of their task vectors cancels what both learned in common, to the extent

the sharing is real, and keeps what the extra ingredient added.

We use this subtraction to separate two contributions that a single fine-tuned adapter mixes,

benchmark-format alignment, which can raise broad scores without any target knowledge, and learning

of the target API itself. We introduced it as a diagnostic methodology because we wanted to see whether

we could separate knowledge injection from task alignment in the weight space and so measure the true

knowledge injection more closely. The two adapters trained for this comparison are called arms, a target

arm trained with target-API pressure and a control arm matched to task format and context where

possible while excluding that pressure, so that what the arms learn in common should be the shared

format and calibration content and what they do not share should be specific to the target pressure. Let

𝜃0 be the frozen base model, 𝜃𝑡 the target arm, and 𝜃𝑐 the control arm. Define:

Δ𝑡 = 𝜃𝑡 − 𝜃0 , Δ𝑐 = 𝜃𝑐 − 𝜃0 , 𝐾 = Δ𝑡 − Δ𝑐 , 𝜃(𝜆) = 𝜃0 + 𝜆𝐾.

The difference vector 𝐾 keeps the part of the target arm’s movement that its control does not reproduce,

and the composed model 𝜃(𝜆) adds that part back to the base model at a chosen strength. The quality

of this matching depends entirely on the chosen control data, and sweeping 𝜆 in the composed model

𝜃(𝜆) measures how target acquisition changes relative to leakage, non-target movement, and broad

exact-match shifts.

The implementation treats each arm’s LoRA adapter as its effective weight delta and represents 𝐾
exactly as a single stacked LoRA adapter of rank 2𝑟, concatenating the two factor pairs with the control

factors carrying a negated scale, which introduces no SVD approximation. We call 𝐾 = Δ𝑡 − Δ𝑐 , used

unmodified and scaled only by 𝜆 at merge time, the plain difference vector.

Beyond the plain difference, a family of operator variants asks whether a more selective estimate of

the target-specific direction improves the separation, each variant encoding one hypothesis about which

coordinates or directions of the update are target-specific (Table 4.6). The first six transform the finished

difference vector, while the two online forms, gradient projection and the anti-leakage unlikelihood term,

apply the same idea during training itself.

The composition method reported in Chapter 6 is the plain difference vector. The operator variants ran

under bounded settings on one frozen arm pair, where none of them improved on the plain difference’s

joint profile of acquisition and collateral movement, and tuning any of them into a competitive method

would have required its own budget for truncation ranks, trimming and dropping rates, and Fisher

estimation. We left that tuning outside the project’s scope because the plain difference already performs

the separation the diagnostic needs.

These variants change how the difference direction is estimated or filtered but not the interpretation

boundary: all claims are relative to the chosen control, and reported task-vector conclusions never prove

a universal API-knowledge subspace. Near-zero collateral movement is a diagnostic frontier and is

not used as a selection objective, and couplings between acquisition and leakage are read with the

caution that string-based leakage metrics can make that reading partly circular. Task arithmetic remains

a diagnostic control throughout, with no claim that the composed models are deployable. Figure 4.2

sketches the geometric intuition behind the method: the target-arm delta Δ𝑡 consists mostly of a large

step along the direction it shares with the control arm, the format and calibration content both arms

learn, plus a small residual specific to the target pressure. The difference vector 𝐾 keeps that magnitude

excess and residual while the shared base of the movement cancels, 𝜆 scales the kept part at merge time,
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Table 4.6: Operator variants compared against the plain difference vector, each with its mechanism and the hypothesis it tests.

Variant Mechanism Hypothesis tested

per-module orthogonal
projection

Removes from each module’s target delta

its component along the control delta,

keeping only the orthogonal part.

Within each module, the target-specific

content is orthogonal to the control

direction.

rank truncation (SVD top-𝑘) Keeps only the top-𝑘 singular directions

of the stacked update.

The meaningful difference concentrates

in a few strong directions.

TIES-style magnitude
trimming [49]

Zeroes low-magnitude coordinates and

resolves sign disagreements between the

deltas before merging.

Only large, sign-consistent coordinates

hold target content, and small or

conflicting ones accumulate error.

DARE-style random
dropping [50]

Zeroes a random fraction of the

difference’s coordinates and rescales the

survivors to preserve the expected

update.

The useful content is redundant enough

to survive sparsification.

Fisher-weighted
subtraction [51]

Weights each coordinate by its estimated

importance to the target loss under a

diagonal Fisher approximation, with the

contrastive variant weighting by the

difference between target and control

importance.

Importance to the target loss, absolute or

relative to the control, marks the

target-specific coordinates.

shared-subspace removal Deletes the top-𝑘 output directions that

the target update shares with the control

update.

The shared output subspace holds

common format content and the residual

is target-specific.

gradient projection (online) Projects each gradient step away from the

control direction during target-arm

training.

The separation can be built during

training rather than recovered from the

finished arms.

anti-leakage unlikelihood
(online)

Adds an unlikelihood term that penalizes

emitting the target in anchor contexts.

A training-time penalty on target

emission in anchor contexts suppresses

leakage at its source.

control-shared direction

Δ𝑐 (control arm)

Δ𝑡 (target arm)

small orthogonal residual

𝜆𝐾, 𝐾 = Δ𝑡 − Δ𝑐
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Figure 4.2: Geometric reading of the matched-control task vector within one arm pair. The target-arm delta consists mostly of a

larger step along the direction shared with the control arm, plus a small residual. The difference vector 𝐾 captures the excess, and

𝜆 scales it at merge time. The content of the shared direction (output format, sibling-API content, anchors) is a property of the

chosen control, so all conclusions remain control-relative.

and because the shared direction’s content is a property of the chosen control, the figure also shows

why every conclusion drawn from 𝐾 is control-relative.

4.6. Controlled Target API and Synthetic Data Design
The synthetic data design narrows the versioned public-API inventory to a single controlled target

API, for which acquisition, leakage, and non-target movement can be measured row by row before any

broader library-version adapter is attempted.

4.6.1. Target API Selection
Under the selection criteria of Section 4.3.5, torch.compiler.is_compiling becomes the empirical

probe for the target-level narrowing of RQ1 and for RQ2–RQ4, a target on which four behaviors can be

told apart: failure to know the target symbol, use of semantically nearby valid predicates, invention of
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Table 4.7: Semantic training-row roles used to separate acquisition from leakage and task-format learning.

Data role Purpose Example signal Main risk

target positives Teach target API use. Assistant emits

torch.compiler.
is_compiling.

Leakage.

anchors Preserve nearby or stable

APIs.

Assistant emits other Torch

APIs.

Suppressing the target.

hard negatives Define the decision

boundary.

A sibling API is correct. Weak or ambiguous

negative.

format controls Isolate task-format learning. Same output shape, no target

API.

Control-relative

interpretation.

compiler-like phantom APIs, and leakage after training.

4.6.2. Grounding Sources and Training Inputs
All synthetic source examples, the target positives, anchors, and hard negatives, were generated by

a Claude Sonnet 4.5 teacher model [31] given each target API’s signature, documentation, and tests.

Because LibEvoBench mines its completion rows from real public repository code, any real-world code

example admitted into training could have coincided with a benchmark row and placed the measuring

instrument inside the training data. We therefore generated every training example synthetically

from those per-API sources, never from real-world code or benchmark rows, and the byte-exact and

normalized overlap audits of Section 4.7 bound the residual risk. Deterministic builders then wrap the

retained examples into the training task renderings, fill-in-the-middle (FIM), prefix completion, and

code-gap chat, plus the benchmark-surface and matched target-control renderings at scale, so the model

is trained only on the rendered prompts, code contexts, and assistant or completion spans on which the

SFT loss is applied.

FIM trains completion of a missing middle span given the surrounding prefix and suffix, marked by

model-specific sentinel tokens that the model must have learned during pretraining [52]. The sentinel

vocabulary differs across model families, and newer models neither train nor document this interface,

so FIM serves here only as a completion-format probe in the single-API experiments and is not a viable

long-term data format for the instruction-tuned assistant setting this thesis studies.

4.6.3. Synthetic Data Roles
A row’s role says what it teaches (target positive, anchor, hard negative, or format control, defined in

Table 4.7), and its task family says how the row is rendered, so code-gap chat, for example, is a task

family and not a role.

In the twenty-five-API control data, the control answer keeps the target row’s import path and

answer shape, so some control fills name an API that would not work in that context. These rows train

only the format-matched control arm, and every composition claim stays relative to that control.

The hard negatives cover aliased imports, bound methods, constructors and factories, lifecycle and

version confounds, neighboring namespaces, predicates and decorators, and receivers (the object a

method is called on) and dimensions.

The roles are designed around two observable failure modes: positive-only endpoints may leak,

emitting the target on off-target rows, while anchor-heavy mixtures may show suppression, failing to

emit it on target rows. The conditional-activation regime in Figure 4.3 is defined by target acquisition

together with low mention and resolved leakage. Chapter 6 places trained adapters in these regimes

from their measured outputs, without attributing the behavior to a particular logit mechanism.

4.6.4. Task and Prompt Families
Task family varies independently of semantic role:

• FIM completion renders the row through the sentinel-marked fill-in-the-middle format of Sec-

tion 4.6.2.

• Prefix completion continues the code from left context only.
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suppression conditional activation
(design goal)

leakage

target absent on the

tested target rows

target emitted on target rows

and absent on off-target rows

target emitted on unrelated rows

target-emission propensity

← fewer target emissions more target emissions→

Figure 4.3: The three behavioral regimes used to classify trained endpoints. Suppression means that the target is absent on tested

target rows, conditional activation combines acquisition with low leakage, and leakage means that the target appears on off-target

rows. The horizontal axis is descriptive and does not identify a weight-space mechanism.

• Code-gap chat requests the missing expression or line through an instruction, with no documenta-

tion, signature, or target-path text in the prompt.

• Multi-task code chat renders the examples as replacement expression, API-call identification,

guard-line patching, and semantic JSON outputs.

• Diverse-format chat includes benchmark bridges (benchmark-shaped completion rows mixed

into otherwise diverse data), code comments, decision JSON, free code, grounded questions, and

explanation or recall tasks.

• Benchmark-surface completion uses LibEvoBench-style fills, replacement expressions, and guard-

line patches while excluding benchmark rows.

Staged anchor-then-target training reuses the same roles and changes only the training order, and the

held-out development probes form a separate development split outside these task families.

4.6.5. Leakage Controls
The thesis uses leakage in three senses that these controls keep separate, and an unqualified leakage

always means the behavioral sense. Behavioral leakage, the measured evaluation axis, is emission of a

target API on rows where it is not the gold answer, reported as the labeled mention and resolved pair of

Table 4.2 and formalized in Section 4.8. Data-side leakage is a training prompt that contains its own

answer or identifying clues, the target path in the user text, documentation or signature fragments,

or benchmark-template surface, and it would confound elicitation with knowledge because a model

can copy a visible answer without having learned the API. Train-benchmark contamination is overlap

between training rows and benchmark rows, the risk that the all-synthetic generation rule of Section 4.6.2

addresses at the source.

The construction-time audit addresses the data-side sense, checking every user prompt for direct

target-path leakage, documentation leakage, benchmark-template leakage, and duplicate prompt forms,

and the matching answer-side rules, answer-span placement of the target path and source-grounded

hard negatives, are stated as validation rules in the next section. Contamination is bounded by the

byte-exact and conservatively normalized train-evaluation overlap comparisons defined below, with no

fuzzy or semantic near-duplicate detection applied, while behavioral leakage remains an evaluation

outcome measured on the off-target rows.

4.7. Synthetic Data Validation
Whether a synthetic corpus is adequate for controlled training is hard to establish, because a training

row is a prompt and answer span rather than a runnable program, no execution oracle covers the

corpora at full scale, and a row can be correct in its syntax, in the API it names, or in its behavior

under the pinned library version. A single pass-fail verdict would therefore merge claims with different

evidence. The corpora must support adequacy for controlled training, teaching each target identity

without leaking answers or copying the benchmark, which is a weaker claim than semantic perfection

of every row. We therefore check each corpus on the three-tier ladder of Table 4.8, which runs from

syntax through lexical API occurrence to runtime execution, and we pair the ladder with a direct audit
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Table 4.8: Validation tiers for the synthetic corpora.

Tier Validation What it proves

1 Syntax. The code-bearing answer parses, after prompt-context

reconstruction where required.

2 Lexical API occurrence. The designated full path or API leaf/suffix occurs on each

applicable API-bearing row.

3 Runtime. A row-level execution result records a clean pass for the

row.

of the shipped corpora that re-runs the syntax and lexical tiers and binds its checks to the exact audited

files. By design, lexical occurrence does not resolve imports, receivers, or runtime bindings, the runtime

tier covers only part of each corpus, and the audit certifies the tiers it re-runs rather than executable

semantics. Chapter 6 reports what each corpus passed under these definitions.

A tier that was not run is recorded as not evaluated rather than inferred from a later tier or from

downstream model performance, and role balance, task-family coverage, duplicates, split groups,

and train-evaluation overlap are separate corpus-level checks outside the ladder. Alongside these

mechanical tiers and checks, we manually inspected the generated corpora at two granularities: per-

example acceptance, the share of generated code examples accepted on manual reading for validity and

quality, and per-dataset diversity adequacy, whether a generated dataset is judged sufficiently diverse

in its scenarios and contexts. Both measures apply to the final generation methodology and teacher

prompt, which we reached by revising earlier prompts until quality and diversity were acceptable,

and Chapter 6 reports the acceptance and diversity rates recorded during our review. This reading is

a subjective judgment that no mechanical tier certifies, and Chapter 7 discusses its subjectivity as a

limitation.

Code-bearing answers are parsed with Python’s abstract syntax tree parser, with fragment answers

reconstructed inside their prompt context first so that a completion is not rejected merely for being

incomplete in isolation. Lexical occurrence applies only to rows that designate an expected API,

which excludes format-control rows because their correct answer substitutes another API, and the

check accepts the full path or a matching leaf or suffix. Train-evaluation overlap is tested against

all LibEvoBench T1 rows on the complete prompt-answer pair, compared byte-exactly and under a

conservative normalization that lowercases text, removes code fences, and collapses whitespace, with

the complete pair chosen as the criterion because an answer as short as an API path can legitimately

recur across independently written examples. Exact row repeats are counted as well, so planned epoch

repetition is never mistaken for independent source diversity.

Phantom or anachronistic negatives may be synthesized as training targets only when their invalidity

is mechanically proven, since the teacher’s own labeling is not accepted as proof, and hard negatives

are valid only when the alternative API is source-grounded, version-valid, and correct for the negative

context. Documentation and signatures may ground generation without appearing in the training

prompt: when the goal is API identity learning, the API path must appear in the assistant or completion

span so that the loss directly trains production of the target symbol.

4.8. Evaluation Methodology
We report on five surfaces (the broad T1/L2 sample, the broad target rows, the target allowlist, the

broad non-target rows, and the retention harness), and Table 4.9 states the purpose and main metrics

of each. The target allowlist contains every benchmark row whose gold answer is the target API, so

the broad target rows are the subset of it that the sampled broad surface includes, and the allowlist is

selection data for sweeps and checkpoints.

Signature checks form a validation layer outside the reported taxonomy and are not an evaluation

surface in the completed evidence, so every completed evaluation claim in this thesis is an API-identity

T1/L2 claim rather than an argument-validity claim.

Let 𝑎 be the target API, 𝑇 be target rows, 𝑁 be non-target rows, 𝐵+ be rows correct under the baseline,

𝑈raw(𝑎) be rows whose raw generation contains the exact target string, and 𝑈res(𝑎) be rows whose
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Table 4.9: Evaluation surfaces and their methodological roles.

Surface Purpose Main metrics

broad T1/L2 API use in code context. Exact match, taxonomy,

target/non-target split.

broad target rows Target API acquisition inside the

benchmark sample.

Target recall.

target allowlist Controlled acquisition diagnostic. Exact target hits.

broad non-target rows Locality and retention proxy. Leakage, wins/losses, churn.

retention harness Nine control benchmarks evaluated

locally under official protocols

(Section 4.8.1).

Paired per-item deltas, wins/losses, exact

McNemar tests.

extracted prediction resolves to 𝑎. The reported row-level metrics are:

target recall =
#{target rows with exact target API 𝑎}

|𝑇 | ,

mention leakage =
|𝑁 ∩𝑈raw(𝑎)|

|𝑁 | ,

resolved leakage =
|𝑁 ∩𝑈res(𝑎)|
|𝑁 | ,

leak-broken =
|𝐵+ ∩ 𝑁 ∩ (𝑈raw(𝑎) ∪𝑈res(𝑎))|

|𝑁 | ,

𝑑Coll = 100

(
EMcandidate,𝑁 − EMbase,𝑁

)
pp.

Mention and resolved leakage are reported as a labeled pair, and the two sets are not nested: the resolver

can map an abbreviated or aliased extracted prediction to the target even when the raw completion

omits the full target string, so resolved leakage may exceed mention leakage. The scale-up leak-broken

metric uses the union in the equation above, while the legacy single-API mentions-breaking diagnostic

counts baseline-correct rows in𝑈raw(𝑎) only and is labeled accordingly. The numerator of leak-broken,

the count of baseline-correct off-target rows with a target mention or resolution, is also reported on its

own as the broken baseline-correct rows of an operating point, the raw-count form in which the scaled

selection rule of Chapter 5 prices damage against target hits. The 𝑑Coll metric is a percentage-point

delta on a fixed matched non-target sample rather than a raw count or an independently resampled

benchmark estimate, and wins, regressions, and net movement are computed on matched rows as

defined in Table 4.2. The aggregate taxonomy rates are the row fractions of each taxonomy class,

with exact API match the correct fraction and the valid-API rate the correct plus wrong_api_valid
fraction.

Target-string presence, a looser target-row diagnostic, checks whether the raw completion on a

target row contains an API-specific leaf or alias substring recorded with the target set, for example

is_compiling or get_local_rank. The check can reveal a target name that the exact scorer rejects, but

it establishes no correct fill, parse, receiver binding, or use in context, so it is reported beside api_em and

never treated as semantic correctness. Conversion, the exact-match conversion of an operating point, is

the fraction of target rows passing the string-presence check whose completion the exact scorer also

accepts, and a reported ratio whose denominator is empty, as conversion’s is on a checkpoint with no

string-presence rows, appears as n/a with its counts rather than being coerced to zero.

4.8.1. Retention and Control Benchmarks
Because an adapter that injects an API must not damage unrelated capabilities, retention outside

LibEvoBench is one of the thesis’s measured axes, and the retention harness of Table 4.9 consists of nine

public benchmarks evaluated locally under their official protocols. We selected benchmarks to cover the

capability families an adapter edit could plausibly damage, general knowledge, multi-step reasoning,

grade-school mathematics, instruction following, general code generation, and data-science code, and

we admitted only benchmarks with an official protocol rather than bespoke grading, with per-item

outputs that support the paired base-model comparisons of Section 4.8.2, and with evaluation feasible
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on local hardware. The nine benchmarks, with their protocols, published anchors, and citations, are

listed in Chapter 5 (Table 5.2), and one lane, DS-1000, stores aggregate outputs only, so its comparisons

stay descriptive.

4.8.2. Uncertainty and Paired Inference
Binomial proportions on the diagnostic target surfaces receive Wilson 95% score intervals [53]. We

chose the Wilson interval because these surfaces are small, 12 broad target rows, 30 allowlist rows,

141 five-API rows, and 224 asked twenty-five-API rows, and because observed proportions lie at or

near 0 and 1. There the standard normal-approximation interval degenerates, with zero width at 0/𝑛
or 𝑛/𝑛 and endpoints outside [0, 1] near those extremes, while the Wilson interval keeps calibrated

coverage [54]. The intervals describe the binomial uncertainty of one diagnostic proportion at a time

and are not independent-samples tests.

Retention inference uses the two-sided exact conditional McNemar test [55] on discordant pairs.

If 𝑤 items are solved only by the adapter and 𝑙 only by the base model, the null conditions on 𝑤 + 𝑙
discordant items and assigns either direction probability one half. Holm adjustment [56] is then applied

within each fixed arm-by-benchmark family specified in Chapter 5. Aggregate-only benchmarks remain

descriptive because their stored outputs do not provide the paired correctness indicators required by

this test.

4.9. Scaling Protocol
The protocol scales from one target API to multiple documented APIs by selecting APIs with a measured

zero baseline, constructing per-API positives and hard negatives, adding stable anchors and matched

controls, reporting per-API and macro metrics next to pooled ones, and measuring leakage and retention

across non-target rows. The row roles retain their single-API meanings, while the scaled experiments

add a prompt-exposure rule to the target gate, training rows matched to the benchmark’s completion

surface, one target-control composition over the full set, and replication.

Selecting zero-baseline target APIs. A target API is admitted only when the base model produces

no exact-match completion on any issued target row at the context levels that withhold the API name:

the code-only L0 surface and the L1 and L2 levels that add documentation and version context. The

name-revealing L3 surface stays outside the gate for the same copying reason that excludes it from

acquisition claims (Section 4.2). The gate establishes behavioral absence on the tested requests in the

operational sense of Chapter 1, and the twenty-five-API extension exposed a blind spot in its original

implementation, which recorded zero for rows that the L2 prompt builder had never issued, with

Chapter 5 documenting the corrected asked-row denominator.

Matching training data to the benchmark surface. The scaled experiments make task format an

explicit part of the data contract, building on the single-API experiments: rows intended to support

scored completions reproduce the benchmark’s completion pragmatics, including dangling receiver

stems, aliased imports, distractor context, and continuation-only answers, while remaining synthetic.

No benchmark row is copied, and a blocklist excludes benchmark-identifying receiver names and literals

from generated rows. Chapter 6 measures how the resulting data generations change exact-match

conversion without treating surface similarity alone as its cause.

Task arithmetic for the full target set. For multiple APIs, the matched-control construction of this

chapter is applied at the level of the whole target set: one target arm and one format-control arm are

trained jointly on all APIs, giving a difference vector of fixed rank independent of the number of APIs.

The control coefficient defines 𝐾𝑐 = Δ𝑡 − 𝑐 Δ𝑐 , with 𝑐 ∈ [0, 1], and composition uses 𝜃(𝜆, 𝑐) = 𝜃0 + 𝜆𝐾𝑐 .
The single-API diagnostics use full control subtraction (𝑐 = 1), while the scaled experiments sweep 𝑐 and

𝜆 to measure the acquisition-leakage frontier without treating one coefficient’s outcome as evidence for

a binding mechanism. Composing per-API difference vectors trained in isolation is outside the protocol.

Pre-registration and replication. Because the scaled experiments iterate on diagnosed failures of

earlier versions against the same benchmark, an evaluation-iteration threat, we declare each version’s

success and falsification criteria before launch, close falsified branches permanently, and re-train the
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final configuration under two further seeds. Replication preserves the declared selection procedure: a

peak-selected lane reselects a peak within each seed and reports the peak distribution, while a fixed-point

lane compares the same checkpoint step or composition coefficients across seeds.

The empirical results of the five-API and twenty-five-API scale-ups are reported in Chapter 6

(Section 6.12).



5
Experimental Setup

Chapter 4 defined the diagnostic method, and this chapter applies it to LoRA adaptation of the

instruction-tuned Qwen2.5 7B model on LibEvoBench at T1/L2, first for one API and then for target sets

of five and twenty-five APIs. Checkpoints and compositions are selected on target rows (and, where a

selection rule prices damage, on matched off-target rows), and the chosen operating points are then

evaluated once on the retention suite of nine public control benchmarks (Section 5.2), which no selection

rule read. These surfaces provide the acquisition, leakage, locality, and retention measurements reported

in Chapter 6.

5.1. Base Model and Training Infrastructure
All reported experiments adapt Qwen/Qwen2.5-7B-Instruct [26]. We chose an instruction-tuned

base because the benchmark uses a chat completion protocol (Section 5.2) and because the model is

behaviorally absent on both single-API acquisition surfaces, with no exact target completion among

the 12 broad target rows or the 30-row allowlist (0/12 and 0/30). Later exact matches on these requests

measure acquisition relative to an observed zero baseline without establishing that the base weights

contained no latent knowledge of the API.

The reported adapters are trained by supervised fine-tuning with LoRA [30], while the base weights

remain frozen. The single-API format sweeps use Optuna, a define-by-run optimization framework [57],

to enumerate bounded search domains and retain trial parameters with their evaluation results. Each

trial calls LLaMA-Factory, a unified fine-tuning interface for language models [58], which keeps model

loading, LoRA configuration, target-only loss, checkpoint export, and evaluation handoff common

across the compared arms. We chose this combination to vary registered training factors without

changing the trainer integration between trials. The five- and twenty-five-API experiments use the same

training entry point through versioned shell runbooks that fix the data, training, evaluation, replication,

and retention stages before launch. Preference optimization and reinforcement-learning objectives are

outside the completed experiment lines and are discussed in Chapter 7, while LibEvoBench generation

uses vLLM with greedy decoding at temperature 0 (Table 5.1).

Two same-weight runs of the full broad evaluation disagreed on 1.06% (122/11,485 rows) of the

matched evaluation sample of Section 5.2 because of serving-side nondeterminism, which Chapter 6

treats as the broad-evaluation noise floor. Training used seed 42 unless stated otherwise, and the

experiment logs record each run name, checkpoint, and artifact path alongside the corresponding result.

27
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Table 5.1: Hardware and software environment retained with the reported adapters and repository lockfile.

Component Recorded configuration

Hardware Eight NVIDIA RTX 4090 GPUs with 24 GB each. Every training process used one

GPU, while parallel runners assigned independent jobs to separate devices and

staggered their starts.

Training stack LLaMA-Factory 0.9.5.dev0 at commit a132cc686b95, PyTorch 2.8.0+cu128,

Transformers 4.57.1, and PEFT 0.17.1.

Evaluation stack vLLM 0.11.0 with greedy decoding, together with the repository’s pinned

LibEvoBench evaluator and benchmark database.

Orchestration Optuna 4.5.0 runs the single-API sweeps, while versioned positive-anchor SFT and

multi-API task-arithmetic runbooks define the scale-up experiments.

5.2. Benchmark and Evaluation Surfaces
All benchmark evaluation uses LibEvoBench [25] at T1/L2 under the task-type and context-level

definitions of Section 2.2.1 and the scoring protocol of Section 4.2, restricted to torch releases 1.12.0

through 2.7.0. A system message defines the replacement task, one fixed few-shot turn establishes the

output contract, each rendered prompt ends its code prefix at the mask and carries up to four lines of

right context, and every generation is scored by the exact dotted-path match and failure taxonomy of

Section 4.2.

Broad T1/L2 sample. The broad surface is a version-diversified subsample of the benchmark’s full

T1 table (170,532 torch completion rows) that keeps at most three code rows per API and

version, giving 16,444 attempted rows, and the intersection of rows with generated completions

across all compared models yields the 11,485 scored rows that serve as the main surface and

as the matched sample for every paired comparison (Figure 5.1). Twelve of these rows have

torch.compiler.is_compiling as the gold API, three per version for torch 2.4.0 through 2.7.0,

and the remaining 11,473 rows are the non-target surface used for leakage, locality, and the

benchmark-retention proxy.

Target allowlist diagnostic. The allowlist evaluation keeps every T1 row whose gold answer is the

target API and lifts the per-cell sampling cap, which yields all 30 target rows the benchmark

contains (4, 16, 6, and 4 rows for torch 2.4.0 through 2.7.0) and makes the 12 broad target rows a

subset of these 30. Because it is cheap enough to run on every candidate checkpoint, it supplies the

acquisition diagnostic and the selection data for sweeps and checkpoint racing under the protocol

of Section 5.6. Of the 30 gold fills, 24 are the same guard-condition expression, so allowlist scores

measure acquisition of that shape more than general usage diversity, and Chapter 6 interprets

them with Wilson 95% intervals.

Held-out development probes. Nine synthetic chat prompts lie outside the benchmark’s completion

format: six target probes cover reverse documentation lookup, bug-fix diagnosis, and free-form

code writing, with correct answers that must contain the target API, and three leakage probes

require a sibling API such as torch.jit.is_tracing, making any target-API emission an error.

The probes were written through the same generator pipeline as the training data rather than

taken from real code, which could coincide with benchmark rows (Chapter 4), and they steered

data revisions by testing whether a trained model could be elicited outside the benchmark format.

Because they are few, substring-scored, and drawn from the same scenario universe as the training

generator, they provide suggestive elicitation evidence only, no probe score is reported as a result,

and no selection rule read them.

Retention / control benchmarks. The retention measurement of Section 4.8.1 uses nine public bench-

marks that measure capabilities outside LibEvoBench, listed in Table 5.2 with each lane’s local

protocol, its role in paired inference, and the comparison of its local base score with the published

Qwen2.5 report value [26]. These anchors serve only as protocol sanity gates that can expose a gross

harness mismatch: MMLU, IFEval, HumanEval+, and MBPP+ agree with their anchors within

item-sampling error, while GSM8K, MBPP, HumanEval, and MMLU-Pro carry harness-specific

gaps between 1.2 and 5.2 percentage points in both directions (Table 5.2). Because these checks
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LibEvoBench, torch, full T1 table
170,532 completion rows, torch 1.12.0–2.7.0

30 rows have the target API as the gold fill

sample at most 3 rows per API and version

broad T1/L2 surface
16,444 attempted rows→ 11,485 matched scored rows

11,473 non-target rows

leakage (mention / re-

solved), paired wins and

losses, churn, retention, taxonomy shifts

12 target rows

acquisition

(3 per version,

torch 2.4–2.7)

target allowlist: all 30 target rows

per-cell cap lifted, 4/16/6/4 rows across torch 2.4–2.7

acquisition diagnostic and selection surface

the 12 broad target rows are among

the 30

retention suite (control benchmarks)

8 official-protocol benchmarks + DS-1000, base checked

against published anchors, never read during selection

Figure 5.1: Evaluation surfaces of the single-API experiment line. The broad surface and the target allowlist are both drawn from

the full T1 table, one by sampling at most three rows per API and version and one by keeping every row whose gold answer is the

target API, so the 12 broad target rows are a subset of the 30 allowlist rows. Paired benchmark comparisons use the matched

11,485-row sample, and the retention suite uses published base-model scores as protocol sanity gates.

are not independent reproductions of the published environments, retention claims use paired

deltas against the base model evaluated in the same local harness.

Base HumanEval and MBPP stay outside the paired families because their items nest inside

the Plus variants and counting both forms would duplicate closely related tests, while DS-1000

contributes only a descriptive delta because its harness emits no per-item outcomes. The six

remaining lanes enter every paired family, whose arm-by-benchmark composition is fixed in

Section 5.6.

The completed retention corpus contains the selected operating points of four single-API recipes,

four five-API arms, and three twenty-five-API arms, named in Table 5.8. Before each scale-up arm

entered the suite, its merged model reproduced the recorded target score on the corresponding

141- or 291-row registered surface, linking the retention measurement to the artifact reported in

Section 6.12.

The rerun measurements of Table A.1 fix the generation-noise floor against which Chapter 6 reads

every retention delta. Eight same-weight, same-protocol serial rerun pairs across IFEval, GSM8K,

and HumanEval+ changed no per-item outcomes, and two independent DS-1000 runs produced byte-

identical generations on all 1,000 problems. This zero floor applies only to the measured model-protocol

pairs, some of which use superseded task protocols, and does not establish determinism for every lane

in the suite. On identical weights, a concurrent client changed about 6% of IFEval item outcomes, with

aggregate shifts from −1.85 to +2.22 percentage points across the four single-API arms, so canonical

IFEval deltas use serial runs while concurrent generative lanes retain this measured serving-noise

limitation.

On the broad sample, the untuned base model scores 31.83% exact API match and 0% target

acquisition on both diagnostics (0/12 broad target rows and 0/30 allowlist rows). These values define

the Chapter 6 deltas, while Section 6.2 reports the full baseline taxonomy.
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Table 5.2: The retention suite of nine public control benchmarks. Base gives the local score of the untuned base model under the

stated protocol. Anchor gives the officially reported value: the Qwen2.5 report’s Qwen2.5-7B-Instruct results for MMLU-Pro,

GSM8K, IFEval, HumanEval, and MBPP, and its base-model MMLU value, which matches the local no-chat-template

protocol [26], with the EvalPlus leaderboard supplying HumanEval+ and MBPP+ [59] and no official value existing for DS-1000

on this model. The four EvalPlus code lanes keep their task definitions unchanged under the chat pipeline.

Benchmark Measures Local protocol Inference role Base Anchor

MMLU [60] broad multiple-choice

knowledge

5-shot log-likelihood every paired family 74.2 74.2

MMLU-Pro [61] harder multiple-choice

reasoning, the suite’s

multi-step axis

5-shot chain-of-thought

generation

every paired family 57.5 56.3

GSM8K [62] grade-school math

word problems

8-shot chain-of-thought,

flexible answer

extraction

every paired family 86.4 91.6

IFEval [63] verifiable instruction

following

zero-shot, prompt-strict every paired family 71.5 71.2

HumanEval [64] Python function

synthesis

EvalPlus chat pipeline,

greedy, base tests

secondary validation

(items nest inside

HumanEval+)

81.1 84.8

HumanEval+ [59] HumanEval under

extended test suites

EvalPlus chat pipeline,

greedy, plus tests

every paired family 76.2 ≈ 76

MBPP [59] short Python

programming tasks

EvalPlus chat pipeline,

greedy, base tests

secondary validation

(items nest inside

MBPP+)

83.9 79.2

MBPP+ [59] MBPP under extended

test suites

EvalPlus chat pipeline,

greedy, plus tests

every paired family 70.4 ≈ 69

DS-1000 [65] data-science code

completion

BigCode completion

pipeline, greedy

aggregate-only

descriptive delta

28.2 n/a

5.3. Target API and Dataset Families
The single target API is torch.compiler.is_compiling, a public compiler-state predicate added in

torch 2.3.0 and selected by the criteria of Chapter 4. Its synthetic training examples come exclusively

from documentation, signatures, and controlled code contexts, with no benchmark rows and no real

repository code used for generation (Chapter 4). The target path appears in the answer span, while the

visible prompt contains only the information allowed by its training format.

The FIM and prefix datasets render the same 36 code examples as fill-in-the-middle completion,

which supplies both prefix and suffix, or as prefix-only completion (Table 5.3). Anchor rows define

contexts in which the target API must not be emitted by requiring nearby state predicates such as

torch.jit.is_tracing, torch.jit.is_scripting, and torch.is_autocast_enabled, together with

stable APIs such as torch.tensor, torch.no_grad, and torch.manual_seed.
The chat datasets contain a short instruction and a code snippet with a marked gap, optionally

preceded by a # requires version comment, and the prompt contains no documentation or signature

text. The multitask data renders 24 target and 24 anchor examples through replacement-expression,

API-identification, guard-line, and semantic-JSON tasks.

The format-control dataset matches the multitask target arm in task families, row count, and training

steps, but replaces the target API with eleven sibling predicates and applies no target pressure. The

diverse-format datasets teach the API through natural-language description, code comments, free-form

code, and decision-JSON rows without benchmark-style completion templates. Their held-out probes

provided suggestive evidence that elicitation outside the benchmark format could change while exact

benchmark emission remained flat, which motivated a bridge dose of about one quarter benchmark-

shaped rows. The second version removes anchors and adds generic coding examples so that anchor

suppression and format transfer are not changed together.

5.3.1. The Five-API Scale-Up Subset
For RQ5, we selected five public PyTorch APIs introduced after torch 2.0 for which the base model

made no exact match on any issued target row at L0, L1, or L2. Table 5.4 lists the 141 target completion
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Table 5.3: Training dataset families for the single-API experiments. Anchor rows require a nearby or stable Torch API and exclude

the target API from the correct answer.

Family Composition What it tests

Positive-only FIM / prefix 12 target rows Whether positives alone can inject the API (per task

format).

Anchor FIM / prefix 36 rows: 12 target + 24

anchors

Whether anchor rows control leakage (per task

format).

Chat, target-heavy (1:1) 24 rows: 12 target + 12

anchors (± version

comment)

Chat learning from code-gap prompts.

Chat, balanced (1:2) 36 rows: 12 target + 24

anchors (± version

comment)

Same, with stronger anchor pressure.

Staged anchor-then-target anchor-only stage, then 12

target rows

Whether anchor pressure must stay active during

target learning.

Multitask chat (task-vector

target arm)

48 rows: 24 target + 24

anchors, four task families

Transfer of target knowledge across output contracts.

Format-control arm 48 rows over 11 sibling

APIs, same task families,

no target

Control estimating task-format and sibling-content

movement.

Locality arm target + hard negatives +
14 rehearsal APIs

Data-side locality reference.

Diverse-format (v1, v2) and

bridge

natural-language,

comment, free-code,

decision-JSON rows (v2

ablates anchors and adds

generic coding anchors)

Knowledge injection outside benchmark-shaped

completion.

Table 5.4: The five-API zero-baseline scale-up subset. Target rows are T1 completion rows whose gold answer is the listed API,

and the base model scores exact-match zero on all of them at context levels L0 through L2.

Target API Shape Target rows

torch.compiler.is_compiling module-level predicate 30

torch.compiler.disable module-level function 22

torch.library.custom_op decorator 11

torch.distributed.device_mesh.init_device_mesh module-level factory 33

torch.distributed.device_mesh.DeviceMesh.get_local_rank method on a mesh receiver 45

rows drawn from the benchmark database. With the API name revealed at L3, a level excluded from

the selection gate, the base model solved only 22.0% of the target rows (31/141), which identifies API

selection as one component of the baseline failure without reducing every L2 failure to it.

The 141-row target surface defines the acquisition denominator, and within the 11,485 matched

broad rows, 49 rows have one of the five APIs as their gold answer, leaving 11,436 off-target rows for

leakage and locality measurements.

The strict benchmark matrix contains a median of 151 introduced public API names per post-2.0

PyTorch release, or 404 lifecycle changes when signature modifications are included. Conservative

documentation filters across the studied libraries yield 57 to 89 introduced public-looking names per

release. Five APIs represent roughly 3% of the strict PyTorch median and the twenty-five-API set of

Section 5.3.3 represents roughly 17%, so both experiments remain multi-target probes below release

scale.

5.3.2. Scale-Up Dataset Families
Positive-anchor chat SFT uses per-API packs of 24 to 32 target-positive scenarios, an equal number of hard

negatives, and eight stable anchor rows, with the positives and hard negatives rendered under varied

receivers and aliases, distractor APIs in the visible context, and version-pinned imports. Generated rows

copy only the task’s prompt shape, and a validator blocklist of benchmark surface tokens (extended at
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Table 5.5: The twenty-five-API target set. Rows are registered benchmark rows, asked denotes rows queried at L2, and L3 gives

baseline exact matches when the prompt reveals the API name (0 marks the strict zero-baseline subset). The last two columns give

exact L2 matches of the two champions of Chapter 6: the SFT damage-priced champion (step 540) and the task-arithmetic

champion (rank 32, seed 42). The five legacy APIs are marked ◦. The six APIs with zero asked rows are evaluated at L0, where the

SFT champion answers 49 of their 67 rows (including all 36 is_partial rows) from a zero baseline.

API (under torch.) Family Rows Asked L3 SFT Task arith.

compiler.is_compiling◦ compiler 30 30 12 24 29

compiler.disable◦ compiler 22 22 4 8 21

compiler.set_stance compiler 3 3 3 3 3

compiler.cudagraph_mark_step_begin compiler 4 4 0 4 1

compiler.reset compiler 8 0 3 0 0

distributed.device_mesh.init_device_mesh◦ distributed 33 33 7 28 29

...device_mesh.DeviceMesh.get_local_rank◦ distributed 45 45 3 2 17

...device_mesh.DeviceMesh.get_coordinate distributed 27 27 12 1 3

...tensor.parallel.SequenceParallel distributed 2 2 0 2 2

...tensor.placement_types.Placement.is_partial distributed 36 0 36 0 0

library.custom_op◦ library 11 11 5 10 10

library.register_fake library 3 3 0 0 2

export.load export 7 0 0 0 0

export.ExportedProgram.named_buffers export 2 2 2 2 2

export.decomp_utils.CustomDecompTable.update export 3 0 1 0 0

backends.cuda.enable_cudnn_sdp backends 6 0 0 0 0

backends.mha.set_fastpath_enabled backends 3 3 0 2 1

nn.attention.flex_attention.BlockMask.from_kv_blocks nn 3 3 2 3 1

nn.utils.clip_grads_with_norm_ nn 2 2 0 0 2

nn.utils.parametrizations.weight_norm nn 13 13 0 1 2

xpu.current_stream xpu 2 2 0 2 2

xpu.manual_seed_all xpu 4 4 1 4 2

cpu.synchronize device utilities 12 12 12 12 12

cuda.clock_rate device utilities 3 3 3 3 3

get_device_module device utilities 7 0 3 0 0

Total 291 224 111 146

twenty-five APIs with the 291 target rows’ 17 receiver identifiers and 3 dimension strings) rejects any

generated row that reuses them.

The task-arithmetic lane trains a target adapter and a format-control adapter jointly across all five

APIs. Each target row and its control counterpart use byte-identical user prompts, while the answer

replaces the target with a pre-cutoff control API. The lane’s fill rows are byte-checked against the

benchmark template, receiver-binding rows cover the mesh method DeviceMesh.get_local_rank, and

the control set is route-clean, with no control API reached through the import path of any target (for

custom_op, whose import path is torch.library, a nearby control would share that route).

5.3.3. The Twenty-Five-API Target Set
The twenty-five-API experiments retain the validated five and add twenty post-2.0 APIs, giving 291

registered target rows. Of the 1,151 introduced names in the strict matrix, 146 have at least one

benchmark row. The selection gates of Section 4.9 then require at least two rows, zero exact matches in

the available L0 to L2 baseline cache, no attributable baseline emission of the name, no entry in the

pre-2.1 documentation inventories, and a public name absent before torch 2.0, leaving twenty-five

new candidates from which we selected twenty and registered five alternates. The five remaining

alternates do not support another twenty-five-API increment under these filters, which would require

more benchmark target rows and a new baseline cache.

The twenty new APIs span compiler, distributed, export, backends, xpu, neural-network, library,

and device-utility families. Nine retain zero exact match at L3, even though that context reveals the API

name, and Table 5.5 lists all twenty-five APIs with their per-API row, asked, and baseline counts.

Before launch, we registered criteria on four axes: transfer to the twenty new APIs, interference with

the validated five (a 15-percentage-point bar on their 141 rows), locality, and adapter capacity. Each lane

applied its frozen recipe to the twenty new APIs without per-API iteration, the final configurations were

retrained under seeds 43 and 44 after their replication bands had been fixed, and the selected operating

points entered the retention suite.

The L1/L2 prompt builder requires a non-empty documentation description and issues no request

at those levels when a row fails the documentation-quality gate, which affected six targets and 67 of the

291 registered rows. Their selection-cache zeros at L2 reflected missing requests, while their L0 zero

baseline was measured on issued requests. An acquisition rate over all 291 registered rows, or over all
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150 registered new-API rows, would count unqueried rows as failures.

We retained the six APIs because only four of the five registered alternates pass the documentation

gate, together providing eight L2-queryable rows, and swapping after the runs would have conditioned

the target set on observed outcomes. The six remain training targets, while their evaluation claims are

limited to measured L0 acquisition and leakage accounting on generated completions.

Chapter 6 calls the 224 issued L2 rows the asked surface, comprising 83 rows for the twenty new APIs

and 141 rows for the validated five. L2 results use this denominator while keeping the 291 registered

rows visible, and L2 acquisition for the six skipped APIs is undefined. Their acquisition is measured

on the code-only L0 surface, with the complete results in Appendix A.6, and the selection script now

rejects candidates without issued L2 requests. Within the matched broad sample, 103 rows have one

of the twenty-five targets as their gold answer, leaving 11,382 off-target rows for leakage and locality

measurements.

5.4. Training Configurations
Single-API task-format sweeps. The anchor FIM and anchor prefix experiments each ran a ten-trial

grid over the shared search domain of Table 5.6, rendering the same 36 source examples with checkpoints

at steps 72 and 144, so FIM and prefix form the budget-matched format comparison, while chat searched

its own exploratory domain at lower learning rates and longer epoch budgets. Optuna used the 30-row

target allowlist as its objective, after which representative checkpoints were evaluated on the broad

surface for acquisition and leakage.

Fixed recipes. The single-API task-vector adapters (target, format control, and locality) share one

recipe (Table 5.7), and each uses its final checkpoint, which keeps their weight deltas comparable and

training length fixed across the comparison. In the five-API SFT lane, the matched schedule comparison

holds the data and optimizer settings fixed while changing only the schedule, and the replication

arms’ 90-step cadence resolves the within-epoch peak. Every checkpoint of that lane receives a target

evaluation with broad evaluation restricted to the registered candidate checkpoints, and each seed

contributes its own maximum on the 141-row target surface, so this lane characterizes a distribution

of per-seed peaks rather than fixed-step reproduction. At twenty-five APIs, the task-arithmetic recipe

adds a rank-32 capacity arm that tests whether adapter capacity limits transfer and shares the rank-16

format-control adapter.

Data ordering. Both task-arithmetic scales train in one pass over an epoch-expanded parquet file, the

planned passes materialized as repeated rows in one file, with shuffling disabled and the target data

arranged in API-blocked optimizer windows, rows grouped so that consecutive optimizer steps see one

API. The twenty-five-API SFT lane also disables shuffling and consumes a parquet file containing two

pre-ordered logical passes in one trainer epoch. We deliberately chose this ordering to stabilize training,

because our earlier runs showed that mixing rows from multiple APIs in the same batch (which regular

random shuffling produces) increases training instability under the task-arithmetic method.

Operating-point selection. Seed 42 supplies the twenty-five-API SFT checkpoint-selection trace.

Because none of the ten broad-evaluated checkpoints of the twenty-five-API arm met the registered

Table 5.6: Registered search domains of the single-API sweeps. Cells give the fixed value or the swept set, and n/a marks a value

the recorded domain leaves unstated.

Dimension Anchor FIM / prefix grid Chat search

Learning rate {5, 10, 15, 20, 30} · 10
−5

1·10
−5

to 8·10
−5

Epochs 2 or 4 4, 8, or 12

LoRA rank 16 16 or 32

Dropout 0 0 to 0.05

Schedule cosine constant or cosine

Per-device batch n/a 2

Gradient accumulation n/a 2 or 4
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Table 5.7: Fixed training recipes. Every recipe adapts the seven projection modules (q, k, v, o, gate, up, down) with sequence

cutoff 4096 and reaches effective batch 8, and batch cells give per-device size × gradient accumulation where recorded.

Arm(s) LoRA LR, schedule Batch Duration, checkpoints Seeds

Single-API

task-vector adapters

(target, format

control, locality)

r 16, 𝛼 32 5·10
−5

, constant 2 × 4 three epochs, final

checkpoint

42

Five-API direct SFT r 64, 𝛼 128,

dropout 0

5·10
−5

peak,

constant and

cosine (warmup

0.1)

effective

8

six 180-step epochs, saved

every 180 steps (original

arms) or 90 (replication)

42, 43, 44

Twenty-five-API

direct SFT

r 64, 𝛼 128,

dropout 0.05

2.5·10
−5

,

constant, no

warmup

2 × 4 one trainer epoch, saved

every 180 steps (five-API

interference control every

90)

42, 43, 44

Five-API

task-arithmetic

adapters (target,

format control)

r 16, 𝛼 32, dropout

0.05

2.5·10
−5

,

constant

2 × 4 one pass over the

epoch-expanded parquet

42, 43, 44

Twenty-five-API

task-arithmetic

adapters

r 16, 𝛼 32 (target,

control) and r 32,

𝛼 64 (capacity),

dropout 0.05

2.5·10
−5

,

constant

2 × 4 one pass over the

epoch-expanded parquet

42, 43, 44

ceiling of 60 broken baseline-correct rows, the registered fallback maximized target hits minus half that

broken-row count and selected step 540, whose count of 64 was the observed floor. Seeds 43 and 44

then repeat the frozen recipe and are compared at step 540, while their separate peaks define only the

acquisition envelope. Five-API direct SFT reports the acquisition peak selected separately within each

seed, twenty-five-API direct SFT uses this seed-42 damage-priced selection (maximizing target hits

under a cap on broken baseline-correct rows) followed by fixed-step replication, and task arithmetic

evaluates composition points whose coefficients were registered before the broad comparisons. The

operating point a lane selects and reports in this way is called its champion.

5.5. Task Arithmetic Setup
The single-API target and format-control adapters start from the same frozen base checkpoint and use

the fixed recipe above. Following task arithmetic [48], each adapter defines an effective weight delta

Δ = 𝑠𝐵𝐴, where 𝑠 = 𝛼/𝑟 = 2, from which the exact stacked difference adapter of Section 4.5 is built.

Candidate models 𝜃0 + 𝜆𝐾 use 𝜆 ∈ {0, 0.5, 1, 1.25, 1.5, 2}, and 𝜆 = 0 reproduces the base model for the

canonical collateral reference. The compared operators are the plain difference and the operator variants

of Section 4.5, each measured on the target allowlist, the broad target rows, and the broad non-target

rows.

At five APIs, one target adapter and one format-control adapter are trained jointly across all APIs,

and their rank-16 source adapters form an exact rank-32 vector independent of the number of targets.

The registered grid covers control coefficients from 0 to 1 and scales from 0.5 to 1.3, with 𝑐 = 0.25

retained at two final operating points: the acquisition point at 𝜆 = 1.0 and, at 𝜆 = 0.9, the knee, named

because it sits just below the bend of the acquisition-leakage curve where leakage falls faster than

acquisition.

The 25-API grid uses four registered (𝑐,𝜆) pairs: (0, 1.0), (0.25, 0.9), (0.25, 1.0), and (0.5, 1.0). The

rank-16 target and control adapters form exact rank-32 vectors, while combining the rank-32 target

capacity arm with the shared rank-16 control forms exact rank-48 vectors. In both scale-up settings,

subtraction is defined relative to the chosen format control, and 𝑐 sets the measured acquisition-leakage

tradeoff.



5.6. Metrics and Reporting Protocol 35

5.6. Metrics and Reporting Protocol
• Acquisition and the mention and resolved leakage rates follow the definitions of Chapter 4, and

leakage always appears as a labeled pair.

• Correct, wrong-but-valid, phantom, anachronistic, and no-API rates are reported from the row-

level failure taxonomy, with shifts computed on the same matched rows as the exact-match

comparisons.

• Wins, regressions, net movement, churn, and 𝑑Coll use the matched 11,485-row universe, the

target-set-specific off-target subset, and the same baseline parquet. The measured 𝑑Coll noise floor

is ±0.06 percentage points, and Chapter 6 leaves 𝑑Coll changes below that floor and same-weight

row differences within the 1.06% serving churn uninterpreted.

• The 12 broad target rows and the 30-row allowlist that contains them are diagnostic samples.

Allowlist proportions receive Wilson 95% intervals when compared, and a one-row difference

does not support a method effect.

• Under one task-vector training configuration, allowlist exact match varied from 50.0% to 70.0%

across three runs (15/30, 20/30, and 21/30). Cross-run gaps are read against this spread, while

comparisons that reuse one trained adapter pair and vary only the operator or 𝜆 are structurally

matched.

• Every retention arm is compared with the base model item by item under the multiple-comparison

families fixed below, with Chapter 6 reporting newly solved and newly failed items beside

each delta and interpreting each result against the lane-specific serving-noise measurements of

Section 5.2.

• Five-API acquisition rates use the 141-row target surface, and leakage rates use the 11,436 off-target

rows. Counts remain visible beside percentages, and the macro mean accompanies the micro rate

because the five per-API denominators are unequal.

• Every 25-API acquisition result reports the rate on the 224 rows the benchmark asks at L2, with

the 291 registered rows visible. The new cohort uses 83 asked rows, the validated-five cohort uses

141 rows, and the six skipped APIs have L0 results only, while leakage and locality use 11,382

off-target rows. For the seed-42 SFT25 selection trace, the winner rule first maximizes target

hits among checkpoints with at most 60 broken baseline-correct rows and, if that set is empty,

maximizes target hits minus half the broken-row count.

• Five-API SFT replication reports the mean and range of the three per-seed peaks, with the

seed-42 record labeled a single-seed maximum. SFT25 fixes the seed-42-selected step 540 before

evaluating seeds 43 and 44, and reports separate per-seed peaks only as an acquisition envelope.

Task-arithmetic replications hold the registered control coefficient and scale fixed.

We fixed four multiple-comparison families before interpreting the results, over the arms named in

Table 5.8. The single-API family contains Chat, target-heavy (1:1), version comment, Staged target t0,

Multitask chat t13, and Difference vector 𝜆 = 1.25 across the six pairable benchmarks (24 tests). The

five-API family contains the SFT record and low-leak arms together with the task-arithmetic champion

and knee across the same six benchmarks (24 tests). The SFT25 champion forms one six-test family, while

the TA25 champion and knee form a twelve-test family. Each cell is tested with the exact conditional

McNemar and Holm procedure of Section 4.8.2 within its fixed family. Base HumanEval and MBPP,

together with the aggregate-only DS-1000 lane, stay outside these families (Section 5.2).

Selection protocol and benchmark reuse. Sweep objectives, checkpoint racing, and operating-point

choice read benchmark target data: the 30-row allowlist at one API, the 141-row surface at five APIs,

and the 224 asked rows at twenty-five APIs. Broad matched rows also enter selection when a rule prices

leakage or broken baseline-correct rows, including the twenty-five-API SFT damage rule. These target

and broad magnitudes are therefore selection estimates rather than held-out performance. We accepted

this reuse because the benchmark contains too few target rows for a split with useful power and because

exact API emission in repository code is the quantity under study. The zero baseline establishes the
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Table 5.8: Display names of the eleven operating points that enter the retention suite and the multiple-comparison families. Tags

of the form t𝑁 identify individual checkpoints of the corresponding single-API sweep.

Display name Lane Operating point

Chat, target-heavy (1:1),

version comment

single-API SFT selected checkpoint trained on the target-heavy chat

dataset (12 target and 12 anchor rows) with the #
requires version comment (Table 5.3)

Staged target t0 single-API SFT staged anchor-then-target arm at its checkpoint t0

Multitask chat t13 single-API SFT multitask chat arm at its low-leakage checkpoint t13

Difference vector 𝜆 = 1.25 single-API task

arithmetic

plain difference adapter applied at scale 𝜆 = 1.25

SFT record five-API SFT seed-42 cosine-schedule checkpoint at step 360, the

single-seed acquisition maximum

SFT low-leak five-API SFT constant-schedule checkpoint at step 960 with the smallest

leakage pair and fewest broken baseline-correct rows

among the lane’s evaluated operating points

Task-arithmetic champion five-API task

arithmetic

composition at 𝑐 = 0.25, 𝜆 = 1.0

Task-arithmetic knee five-API task

arithmetic

composition at 𝑐 = 0.25, 𝜆 = 0.9

SFT25 champion (step 540) 25-API SFT seed-42 damage-priced selection at step 540

TA25 champion 25-API task

arithmetic

rank-32 composition at 𝑐 = 0.25, 𝜆 = 1.0

TA25 knee 25-API task

arithmetic

rank-16 composition at 𝑐 = 0.25, 𝜆 = 0.9

direction of acquisition on the tested requests, while the same-configuration spread of 15 to 21 hits out

of 30 and the single-seed-maximum label quantify some of the resulting selection uncertainty.

For SFT25, the step-matched retrainings under seeds 43 and 44 fix the selected recipe and checkpoint

step before evaluation, while the five-API SFT replication selects one peak per seed and estimates

peak variability. The twenty-new-API phase applies a pre-specified recipe under the same instrument.

Neither design creates an independent held-out benchmark, but each makes its selection dependence

explicit. The retention suite is the only completed evaluation family that no acquisition selection rule

read. FIM and prefix share source examples and a search grid, while chat uses its separate exploratory

search space, so direct format comparisons are limited to the matched FIM-prefix pair.



6
Results

6.1. Scope and Headline Claims
This chapter reports the completed empirical evidence of the thesis: the controlled single-API experiment

line for torch.compiler.is_compiling and the scale-up line of RQ5, first to five and then to twenty-five

post-cutoff APIs. The results proceed in the order needed to interpret the intervention: baseline

failure, direct evidence about the synthetic corpora, single-API adaptation and controls, five-API and

twenty-five-API scale-up, then retention outside the benchmark.

The headline finding, developed over the following sections and collected in Section 6.14, is that a

small LoRA SFT adapter can make a missing post-cutoff API producible, that the harder problem is

conditional use without leakage or collateral movement, and that this distinction persists at five and

twenty-five APIs, with the scale-up evidence remaining tied to the same evaluation instrument. Unless

stated otherwise, every number in this chapter is computed on the matched 11,485-row LibEvoBench

T1/L2 sample of Chapter 5 [25], on the measurement surfaces and denominators collected in Table 6.1.

Leakage is always reported as the pair (mention, resolved), the two indicators are non-nested, and scale-

up leak-broken rates use their union as defined in Chapter 4. Target-surface rates are diagnostics on the

selection surface of Chapter 5, reported with the Wilson 95% intervals of Section 4.8.2 where a comparison

is implied, and the held-out development probes contribute no headline number. Supplementary

per-run and replication views of the same data are collected in Appendix A.

Table 6.1: The measurement surfaces of this chapter. All rows are LibEvoBench T1 completions at context level L2. The

single-API surfaces partition the matched 11,485-row sample, the scale-up target surfaces replace the single-API ones at their

scale, and rows the benchmark never asks at L2 (67 of the 291 registered twenty-five-API rows) enter no rate.

Scale Surface Rows Reported as

Single API broad target rows 12 exact acquisition (diagnostic)

Single API target allowlist 30 exact acquisition (diagnostic)

Single API non-target rows 11,473 leakage pair, collateral movement, churn

Five APIs target surface 141 exact acquisition

Five APIs off-target rows 11,436 leakage pair, leak-broken rows

Twenty-five APIs asked target rows 224 of 291 exact acquisition (83 in the new cohort)

Twenty-five APIs off-target rows 11,382 leakage pair, leak-broken rows

37



6.2. Baseline Failure (RQ1) 38

6.2. Baseline Failure (RQ1)
On the full matched broad sample the base model reaches 31.83% exact API match, and Figure 6.1

shows its per-version profile next to the outcome-taxonomy composition of Chapter 4. Wrong-but-valid

choices and phantom APIs carry almost equal shares of the output, phantom predictions alone account

for 39.97% of the erroneous rows (3,129/7,829), and the anachronistic share is close to zero before any

adaptation. Exact match varies by about eight percentage points across the ten torch versions, and on

the four versions that contain target rows the base model completes none of them with the target API.

The target API line itself starts from a complete behavioral absence, with 0% (0/12) exact matches on

the broad target rows, 0% (0/30) on the target allowlist, and mention and resolved leakage both at 0%

(0/11,473) on the non-target rows, which establishes the absence, in the operational sense of Chapter 1,

from which acquisition is measured.

Table 6.2 lists the baseline predictions on the twelve broad target rows together with their outcome

classes and the family-proximity rate of Chapter 4: every wrong answer is a semantically nearby

check of compiler, tracing, CUDA, or runtime state. The scorer classifies 58.3% of these rows (7/12)

as wrong-but-valid choices of existing runtime checks and 41.7% (5/12) as phantom names that exist

in no inventory version, two of which (torch.is_compiling, torch.dynamo.is_compiling) place the

target’s own leaf under a wrong module path, and none as anachronistic. The majority lie inside the

compiler, Dynamo, and JIT introspection namespaces while the rest name CUDA hardware-availability

checks, so the predictions have the expression type required by the context, a runtime-state check, while

missing the post-cutoff symbol that provides it.

The same structure holds across the full broad sample, where Table 6.3 lists the most frequent

wrong-but-valid confusion pairs and phantom names. The leading confusions replace the gold API with

a semantic sibling from its own family (torch.chunk completed as torch.split, torch.enable_grad
as torch.no_grad, torch.jit.trace_module as torch.jit.trace) or with a deprecated ancestor

(torch.linalg.svd as the deprecated torch.svd), and the leading phantom names attach real function-

ality to fabricated paths, usually truncating the true module path (torch.DataLoader for torch.utils.
data.DataLoader, torch.empty_cache for torch.cuda.empty_cache, torch.load_state_dict for the

Module method) or stopping at a bare namespace (torch.cuda). Anachronistic predictions are rare,

0.36% of the scored rows (41/11,485), and nearly half of them (19/41) name a deprecated linear-algebra

solver (torch.eig, torch.lstsq, torch.symeig) on rows whose pinned version postdates its removal.

Baseline failure on this benchmark is therefore structured substitution among semantic neighbors and

path-plausible fabrication, and version misplacement plays almost no part in it.

The zero-baseline failure and its substitution structure repeat on the scale-up target frames. On the

141-row five-API surface of Chapter 5, the base model solves 0% (0/141) and produces 51.1% phantom,

34.8% wrong-but-valid, 14.2% no-API, and no anachronistic outputs. On the 224 twenty-five-API

rows that the benchmark asks at context level L2 (Section 5.3.3), it solves 0% (0/224), with 44.2%

phantom, 29.9% wrong-but-valid, 24.1% no-API, and 1.8% anachronistic outputs (4/224, two distinct
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Figure 6.1: Baseline behavior on the matched 11,485-row broad sample. (a) Exact API match by torch version, where the red

annotations mark the four versions that contain the 12 target rows, none of which the base model completes with the target API.

(b) Outcome taxonomy over all scored rows: 31.83% correct, 27.58% wrong-but-valid, 27.24% phantom, 12.99% no-API, and 0.36%

anachronistic.
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Table 6.2: Base-model predictions on the 12 broad target rows for torch.compiler.is_compiling, with the outcome class of

Chapter 4 and the family-proximity decomposition. All errors are semantically nearby checks of compiler, tracing, CUDA, or

runtime state, none is the target API, and none is anachronistic.

Baseline prediction on target rows Rate (of 12) Class

torch.cuda.is_available() 33.3% (4/12) wrong-but-valid

torch.jit.is_scripting() 25.0% (3/12) wrong-but-valid

torch._is_cuda 8.3% (1/12) phantom

torch.dynamo.is_compiling(): 8.3% (1/12) phantom

torch.is_compiling() 8.3% (1/12) phantom

torch.is_dynamo_available() 8.3% (1/12) phantom

torch.is_dynamo_enabled() 8.3% (1/12) phantom

Substitute rates
Family proximity (compiler, Dynamo, JIT) 58.3% (7/12)

CUDA availability checks 41.7% (5/12)

Table 6.3: The most frequent baseline errors on the matched 11,485-row broad sample: the eight leading gold-to-prediction pairs

among the wrong-but-valid rows and the eight leading phantom predictions, with absolute row counts. All names are under

torch.

Wrong-but-valid confusion (gold→ predicted) Rows Phantom prediction Rows

linalg.svd→ svd 28 load_state_dict 54

distributed.monitored_barrier→ distributed.barrier 23 cuda 41

as_tensor→ tensor 20 empty_cache 35

atan→ atan2 19 random_split 25

chunk→ split 18 DataLoader 24

enable_grad→ no_grad 18 fft 22

nn.ModuleList.extend→ nn.ModuleList.append 16 size 22

cholesky_inverse→ inverse 15 synchronize 21

predictions). The confusions keep the single-API structure: torch.compiler.disable is completed

as torch.no_grad on 16 of its 22 rows, the mesh method get_local_rank as its sibling get_rank
on 12 of 45, and torch.compiler.is_compiling as torch.cuda.is_available on 7 of 30, while the

leading phantoms again truncate or misplace real paths (torch.DeviceMesh on 17 rows for the class

under torch.distributed.device_mesh, DeviceMesh.current_device on 11, torch.custom_op on 6

for torch.library.custom_op).
Because errors on every tested frame concentrate in semantic neighborhoods and path-plausible

fabrications while phantom mass is already high across the whole benchmark, deciding whether an

intervention teaches a target or merely shifts errors within its neighborhood requires the target, leakage,

and taxonomy measurements together. For the controlled target, these structured API-identity failures

answer the target-level half of RQ1: the substitutes concentrate in the target’s semantic neighborhood.

The same substitution-and-fabrication profile carries to the five-API and twenty-five-API frames, while

signature validity and task-by-context variation remain untested.

6.3. Direct Synthetic-Data Evidence (RQ2)
RQ2 asks whether the synthetic data are adequate for controlled adaptation. Table 6.4 reports the tiered

audit of Section 4.7 over the twelve citable or qualified corpus families, whose 25,816 structural rows

include reused renderings of the same source material, so every total below counts audited rows, not

independent examples. The rendered-input registry separately binds every citable quantitative arm

of this chapter to its exact training files, 58,716 rendered rows in 24 artifact groups and 35 files across

the one-, five-, and twenty-five-API lanes. Some final target-control files appear in both views, so the

structural and rendered row counts must not be added. Five corpus families additionally carry live
source contracts, checks re-run on the shipped files that confirm each corpus still contains its intended

roles and row counts.

Two of the table’s findings shape how the corpora may be read. Complete prompt-answer pair overlap

against all 170,532 rows of the full T1 benchmark is zero in both views under exact and normalized

comparison, and although individual answer strings recur because API calls are short, no complete

training instance duplicates a benchmark instance. The exact repeats, concentrated by design in the
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Table 6.4: Direct RQ2 audit. The structural and exact rendered-input views overlap, so they remain separate. Runtime results are

reported at their achieved coverage.

Audit check Result Coverage Interpretation

Python AST parsing 100% 25,800/25,800 All code-bearing rows parse

Lexical API occurrence 100% 14,972/14,972 Full path or leaf/suffix, with format-control rows

excluded because their expected output substitutes

another API

Live source contracts 5/5 pass 240/240, 320/320, 320/320,

1,600/1,600, 1,600/1,600

Exact row agreement for all five live per-corpus

validators

Within-corpus exact repeats 62.58% 16,155/25,816 Planned epoch expansion: 75.19%, 75.06%, and

75.05% of the three task-arithmetic pairs

Structural complete-pair overlap 0% 0/25,816 vs 170,532 benchmark

rows

Zero exact and normalized matches

Rendered complete-pair overlap 0% 0/58,716 vs 170,532 benchmark

rows

24 artifact groups and 35 training files, zero exact and

normalized matches

Single-API positive runtime 100% 12/12 Complete for this source corpus

Positive-plus-anchor runtime 33.3% 12/36 Partial coverage only

1 syntax 2 lexical
occurrence

3 runtime

single-API positives  (12)

single-API positives + anchors  (36)

single-API multitask pair  (96)

single-API diverse-format pair  (88)

five-API source pack I  (240)

five-API source pack II  (320)

five-API source pack III  (320)

five-API task-arithmetic pair  (2,688)

25-API source pack (light anchor)  (1,600)

25-API source pack (heavy anchor)  (1,600)

25-API task-arithmetic pair I  (9,088)

25-API task-arithmetic pair II  (9,728)

12/12

12/36

pass partial coverage not evaluated

Figure 6.2: Validation status per audited corpus family (rows, with audited row counts) and tier of the three-tier ladder of

Section 4.7 (columns). The static tiers, syntax and lexical occurrence, pass everywhere, and runtime evidence covers only the two

smallest single-API corpora, which is the certification boundary of the RQ2 answer.

three epoch-expanded task-arithmetic pairs, are repeated training exposures, so corpus size overstates

scenario coverage for those inputs.

Each raw five-API or twenty-five-API pack balances target positives one-to-one against hard negatives

and, pooled across its APIs, represents all seven registered hard-negative taxa, while the single-API

multitask pair covers four output contracts, the diverse-format pair eight task families, and the task-

arithmetic pairs three benchmark-surface families. This establishes the declared role, taxon, and task

coverage, while it does not measure semantic diversity within a category or independence across corpus

versions.

Manual inspection, defined in Section 4.7 as per-example acceptance and per-dataset diversity

adequacy, is an author-recorded outcome rather than a machine-audit result. Under the final generation

methodology, our review accepted on average 95% of the generated code examples and judged 80% of

the generated datasets sufficiently diverse, both rates recorded in our review notes.

Figure 6.2 resolves the same audit by corpus family and validation tier: the static tiers pass for every

family, and runtime evidence exists only for the two smallest single-API corpora.

The audit therefore supports a bounded answer to RQ2. The citable data are adequate for the

controlled adaptation experiments under the achieved syntax, lexical-occurrence, live source-contract,

exact-rendering, complete-pair-overlap, and manual-inspection checks. They are not a corpus-wide
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certificate of executable behavior. The next section tests what the smallest audited corpus makes the

model produce, while keeping that distinction between data adequacy and model behavior explicit.

6.4. Positive-Only Training and Leakage (RQ3)
Training on the twelve positive target rows moves the target metric immediately (Table 6.5): the best

positive-only FIM checkpoint solves all twelve target rows while mentioning the target on nearly three

quarters of the non-target rows, broad exact match falls by 18.17 percentage points, and the anachronistic

rate rises from 0.36% to 23.71%. The symbol has become producible, but the broad leakage shows that

the checkpoint has not learned when the target is appropriate.

The prefix rows of Table 6.5 repeat the failure in the same direction at two intensities: the most

aggressive prefix checkpoint (t1) also reaches all twelve target rows at a two-thirds mention rate, while

the conservative checkpoint (t0) keeps eleven of the twelve rows with a seventh of that mention leakage

and a mildly positive broad change. Positive examples alone make the target available to the decoder,

but they do not supply observations in which emitting it is wrong. The result motivates the anchors

and matched controls that follow. It does not by itself identify an internal decision boundary or a stored

factual representation.

6.5. Anchors and Chat Data Composition (RQ3, RQ4)
The anchored corpora add the observations that positive-only training lacked, examples in which nearby

or stable Torch APIs are correct and the target is not, by making 66.7% (24/36) of the corpus anchor

rows against 33.3% (12/36) target rows. Table 6.5 summarizes the resulting acquisition and locality

frontier across task formats.

Figure 6.3 places every run of Table 6.5, together with the three task-vector arms of Section 6.9, on the

joint acquisition and leakage plane, with the mention component of the leakage pair on its horizontal

axis. Anchor FIM gives the strongest measured acquisition. Its high-recall checkpoint t1 solves all

Table 6.5: Single-API results on the matched 11,485-row broad T1/L2 sample. Target = exact matches on the 12 target rows. ΔEM

= broad exact-match change versus baseline in percentage points. Leakage = non-target rows (of 11,473) containing the target

string (mention) or resolving to it as the prediction (resolved).
†

marks the best acquisition-locality tradeoff point of the line and

★
the best point in the chat format that the scale-up carries forward, both judged on high target acquisition at low leakage rather

than on high broad exact match.

Run Target Broad EM ΔEM (pp) Leak (mention) Leak (resolved)

Baseline

0%

(0/12) 31.83% n/a

0%

(0/11,473)

0%

(0/11,473)

Positive-only FIM (best)

100%

(12/12) 13.66% −18.17

73.19%

(8,397/11,473)

50.92%

(5,842/11,473)

Positive-only prefix t1

100%

(12/12) 15.94% −15.89

67.65%

(7,762/11,473)

42.98%

(4,931/11,473)

Positive-only prefix t0

91.7%

(11/12) 32.87% +1.04

9.84%

(1,129/11,473)

6.38%

(732/11,473)

Anchor FIM t1

100%

(12/12) 40.09% +8.25

13.45%

(1,543/11,473)

3.56%

(409/11,473)

Anchor FIM t5†
75.0%

(9/12) 42.67% +10.84

0.33%

(38/11,473)

0.21%

(24/11,473)

Anchor prefix t0

58.3%

(7/12) 35.76% +3.93

0.25%

(29/11,473)

0.11%

(13/11,473)

Anchor prefix t2

75.0%

(9/12) 33.73% +1.90

0.64%

(73/11,473)

0.37%

(42/11,473)

Chat, target-heavy (1:1), version comment★
75.0%

(9/12) 37.88% +6.05

1.09%

(125/11,473)

0.98%

(112/11,473)

Chat, balanced (1:2), version comment

58.3%

(7/12) 35.08% +3.25

0.14%

(16/11,473)

0.12%

(14/11,473)

Staged anchor-only t27

0%

(0/12) 34.96% +3.13

0%

(0/11,473)

0%

(0/11,473)

Staged target t23

83.3%

(10/12) 32.50% +0.67

3.34%

(383/11,473)

2.56%

(294/11,473)

Staged target t13

66.7%

(8/12) 28.26% −3.57

9.55%

(1,096/11,473)

6.35%

(728/11,473)

Staged target t0

66.7%

(8/12) 35.23% +3.40

0.68%

(78/11,473)

0.64%

(74/11,473)

Staged target t2

50.0%

(6/12) 35.12% +3.29

0.06%

(7/11,473)

0.05%

(6/11,473)
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Figure 6.3: Acquisition versus leakage for the single-API SFT runs of Table 6.5 and the three task-vector arms of Section 6.9 on the

matched sample. The horizontal axis counts non-target rows (of 11,473) whose completion mentions the target string, and the

vertical axis counts exact matches on the 12 broad target rows. Color encodes the data family, marker shape the training task

format, and open green diamonds the task-vector arms. Positive-only training reaches the top of the target axis only inside the

leakage region, the target-free anchor-only stage and the format control lie at the origin of the suppression region, and the useful

adapters, with the difference vector at 𝜆=1.25 among them, occupy the conditional band in between.

twelve broad target rows and the full allowlist (100%, 30/30, Wilson 95% interval 88.6–100.0%) but

keeps leaking, with mention leakage that breaks baseline-correct behavior on 2.11% of the off-target

rows (242/11,473). Its best tradeoff checkpoint t5 gives up three of t1’s twelve target rows and cuts

its mention count forty-fold, its residual mention leakage breaks a single baseline-correct row (0.01%,

1/11,473), and it is the best simultaneous acquisition and locality point in the single-API SFT line († in

Table 6.5). Anchor prefix is more conservative but weaker, reaching at most 75.0% (9/12) at low leakage.

The chat experiments use the code-gap instruction format of Chapter 5, where each prompt contains

a short instruction, a code snippet with a marked gap, and optionally a version comment, but no

documentation passage or target signature to copy. The target-heavy variant with a version-requirement

comment is the best chat-format point in Table 6.5, and the balanced (1:2) variant gives up two of its

nine target rows together with most of its leakage, so increasing anchor mass within this format and

sweep reduces both measured acquisition and leakage. FIM is not a format the thesis can prefer, because

its sentinel-token interface is untrained and undocumented for the instruction-tuned assistant model

(Section 4.6.2), so the target-heavy chat point is the strongest checkpoint in the format carried into the

scale-up (★ in Table 6.5).

For RQ4, under the matched sweep budgets of Table 6.5, FIM produces the strongest target acquisition,

prefix produces a weaker low-leakage frontier, and chat acquires the target even when the prompt carries

no copyable documentation or signature. Across these runs, format and target-to-anchor composition

are associated with different acquisition and locality profiles.

6.6. Staged Anchor-Then-Target Training (RQ4)
The staged experiment tests whether the anchor pressure of Section 6.5 must act during target learning,

by separating anchor and target exposure in time. An anchor-only stage first produces a checkpoint

with 0% (0/12) target acquisition and 0% (0/11,473) mention and resolved leakage, while still improving

broad exact match (Table 6.5). Target-only continuation then reaches up to 83.3% (10/12) at checkpoint
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t23, but locality worsens along the larger continuations: relative to the initializer, t23 fixes 5.48% of

the off-target surface (629/11,473) while breaking 8.03% (921/11,473), a net loss of 2.55% (292/11,473),

and raises phantom outputs from 25.43% to 30.91%, while the more aggressive t13 loses a net 6.77%

(777/11,473). Checkpoint t0 stays net-positive on the off-target surface (+0.20%, 23/11,473), and the

leakage pairs of all staged points appear in Table 6.5.

The conservative checkpoints leak the target almost exclusively onto sibling runtime-state predicates

(torch.jit.is_tracing, torch.jit.is_scripting, torch.onnx.is_in_onnx_export), while the ag-

gressive ones broaden into ordinary predicates such as torch.is_tensor, so leakage grows outward

from the target’s semantic neighborhood.

Staged training does not improve on the simultaneous chat frontier: no staged checkpoint dominates

the joint profile of the best chat run in Table 6.5, so within these experiments an anchor-trained initializer

alone does not reproduce the locality obtained when target and anchor examples remain in the same

training stage. The staged trajectory is still diagnostically useful because target recall, leakage, and

broad damage change together, making target recall alone an unsafe checkpoint-selection rule.

6.7. Mixed-Task Chat (RQ4)
With the chat format carried forward, rendering the target and anchor examples through four output

contracts tests whether target behavior transfers across answer forms: replacement expression, API-call

identification, guard-line patching, and semantic JSON. The best mixed-task sweep checkpoint solves

63.3% (19/30, Wilson 95% interval 45.5–78.1%) of the allowlist, matching the optimum of the best

single-task chat sweep while spreading supervision over four answer shapes. The fixed-recipe multitask

arm later frozen as the task-vector target arm scores four allowlist rows below that sweep optimum,

with its full profile in the target-arm row of Table 6.6.

The same arm moves broad non-target exact match by almost four percentage points, and, as the next

section shows, a matched target-free control reproduces most of that broad movement, so mixed-task

acquisition cannot be interpreted from aggregate broad exact match alone.

6.8. Broad Exact Match and Knowledge-Free Gains (RQ4)
Two runs from Table 6.5 bracket the interpretation problem: the staged anchor-only initializer, trained

without target examples, improves broad exact match by +3.13 percentage points, fixing 5.09% of the

off-target rows (584/11,473) and breaking 1.96% (225/11,473) with zero target acquisition and zero

leakage, while positive-only FIM solves every target row and breaks baseline-correct behavior on 21.08%

of the off-target rows (2,419/11,473). A single aggregate score cannot distinguish these cases, the

decomposition into target hits, leakage, and paired non-target movement can, and Figure 6.4 shows that

the largest broad gains and the strongest target acquisition occur in different runs.

The matched format-control arm, which uses the same task families and step budget but replaces

the target with sibling APIs, makes the same point quantitatively: with 0% target acquisition on both

target surfaces and 0% leakage, it still changes broad non-target exact match by +3.45 percentage points

(5.73% win share, 657/11,473, against a 2.27% loss share, 261/11,473), reproducing all but 0.46 points of

the target arm’s +3.91. A later ablation control containing no benchmark-formatted rows, no anchors,

and no target API still changes broad exact match by +5.45 percentage points. These controls show why

aggregate improvement alone is not evidence of target acquisition.

Figure 6.5 adds the outcome-taxonomy view of the same runs, showing which error classes the

movement exchanges. The positive-only checkpoints convert correct and no-API mass into wrong-but-

valid and anachronistic outputs, and their anachronistic blocks are the taxonomy signature of leakage

(Chapter 4): at the positive-only FIM point, 99.7% of the arm’s anachronistic rows (2,714/2,723) are

the leaked target, and its resolved leaks (50.92% of the 11,473 non-target rows, Table 6.5) split into

3,128 wrong-but-valid rows pinned to torch 2.3 or later and 2,714 anachronistic rows pinned before

the target’s 2.3.0 introduction. The same signature orders the arms, with the anachronistic share rising

from the baseline’s 0.36% to 23.71%, 19.97%, and 13.19% across the positive-only FIM best, prefix t1,

and FIM t2 checkpoints, staying elevated at the aggressive staged continuations (3.61% at t13, 1.52% at

t23) and the high-recall anchor FIM t1 (1.81%), and returning to near-baseline values in every other

anchored, staged, and chat arm.

The anchored and chat arms move mass in the opposite direction, drawing down phantom and

no-API shares into correct output, although the high-recall anchor FIM checkpoint t1 pushes its phantom
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Figure 6.4: Paired row movement versus the baseline on the matched 11,485-row sample, ordered by net movement. Blue bars

count rows the adapter fixes, red bars rows it breaks, and the dot marks the net, while the right column gives the target-row gains

(of 12) and the broad exact-match change. The target-free anchor-only stage gains +3.1 percentage points with zero target gains,

while positive-only FIM gains all 12 target rows and breaks baseline-correct behavior on 21.08% of the 11,473 off-target rows

(2,419/11,473).

share slightly above baseline while nearly emptying the no-API class. The target-free anchor-only stage

produces a smaller shift of the same anchored shape, so most of this taxonomy movement does not

require target examples, and the aggressive staged continuation t23 partially reverses it, regrowing

phantom mass beyond its baseline share. At composition level, the target arm and the format control

show nearly the same anchored profile, differing most in the no-API share (8.95% against 11.08%), and

the difference vector at 𝜆=1.25 keeps a near-baseline anachronistic share (0.58%) and correct share

(31.97%) with a slightly raised phantom share (28.71%). Appendix A extends this view to all main runs.
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Figure 6.5: Outcome taxonomy on the matched 11,485-row sample for a curated arm subset, with categories as in Chapter 4. The

positive-only checkpoints trade correct and no-API mass for anachronistic and wrong-but-valid output, while the anchored, chat,

and target-free arms draw down phantom and no-API mass into correct output at a near-baseline anachronistic share. The bottom

three bars add the task-vector arms of Section 6.9, whose difference vector keeps the anchored profile at composition level.

6.9. Task Arithmetic (RQ4)
Because the format control reproduces nearly all of the target arm’s broad movement (Section 6.8), task

arithmetic asks whether that shared task-alignment movement can be subtracted from the target arm

in weight space. Table 6.6 reports the reference arms and the 𝜆-sweep of the plain difference vector

𝐾1 = Δ𝑡 − Δ𝑐 , composed as 𝜃 = 𝜃0 + 𝜆𝐾1, with this operator and its variants defined in Section 4.5.

Figure 6.6 traces the sweep across the three measurement axes.

The main frontier point is the difference vector at 𝜆 = 1.25. Its allowlist and broad-target estimates

exceed the frozen target arm’s by one row each (Table 6.6), with overlapping Wilson 95% intervals

(36.1–69.8% against 33.2–66.8% on the allowlist), so these differences do not resolve an acquisition

improvement. Broad collateral changes from +3.91 to +0.07 percentage points, near but just outside

the ±0.06 percentage-point evaluation floor, so within this frozen target-control pair the composition

retains a comparable target estimate while removing most of the broad movement shared with the

Table 6.6: Task-arithmetic reference arms and the plain-difference 𝜆 sweep. Allowlist = exact target matches of 30 diagnostic rows.

𝑑
Coll

= non-target broad exact-match change versus the canonical 𝜆=0 base run (noise floor ±0.06 pp). Leak = mention / resolved

rates and counts on 11,473 non-target rows. Churn = gross changed rows versus base.

Model Allowlist Broad target 𝑑
Coll

(pp) Leak (mention/res.) Churn

Base 𝜃0

0%

(0/30)

0%

(0/12) 0.00

0% / 0%

(0/11,473 / 0/11,473)

0%

(0/11,473)

Target arm Δ𝑡

50.0%

(15/30)

58.3%

(7/12) +3.91

0.11% / 0.07%

(13/11,473 / 8/11,473)

9.23%

(1,059/11,473)

Control arm Δ𝑐

0%

(0/30)

0%

(0/12) +3.45

0% / 0%

(0/11,473 / 0/11,473)

8.00%

(918/11,473)

Locality arm

13.3%

(4/30)

0%

(0/12) +4.94

0.01% / 0.01%

(1/11,473 / 1/11,473)

11.41%

(1,309/11,473)

Difference 𝜆=1.0
0%

(0/30)

8.3%

(1/12) +0.14

0.15% / 0.10%

(17/11,473 / 11/11,473)

5.47%

(628/11,473)

Difference 𝜆=1.25

53.3%
(16/30)

66.7%
(8/12) +0.07

0.65% / 0.46%
(75/11,473 / 53/11,473)

6.87%
(788/11,473)

Difference 𝜆=1.5
56.7%

(17/30)

66.7%

(8/12) −0.26

1.72% / 1.12%

(197/11,473 / 129/11,473)

8.04%

(922/11,473)

Difference 𝜆=2.0
53.3%

(16/30)

66.7%

(8/12) −1.07

5.30% / 3.59%

(608/11,473 / 412/11,473)

11.18%

(1,283/11,473)
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Figure 6.6: The plain-difference 𝜆 sweep on its three measurement axes. Top: exact target rates on the 30-row allowlist (with

Wilson 95% band) and the 12 broad target rows, where acquisition switches on between 𝜆 = 1 and 𝜆 = 1.25 and then saturates.

Middle: non-target broad exact-match movement against the canonical base run, with the ±0.06 percentage-point evaluation

noise floor shaded. Bottom: the resolved component of leakage on the 11,473 non-target rows, which grows with 𝜆 while

acquisition stays flat. Table 6.6 reports the corresponding mention / resolved pairs.

control. Figure 6.3 places the composition among the single-API SFT runs, where it holds eight of the

twelve broad target rows at a 75-row mention count, inside the conditional band beside the best chat

and staged points and at a near-floor broad collateral that no SFT run of Table 6.5 matches.

Leakage moves in the opposite direction along the sweep (Table 6.6 and Figure 6.6): between 𝜆 = 1.25

and 𝜆 = 2 the resolved leak count grows nearly eightfold while allowlist acquisition gains at most one

row, so increasing the difference-vector magnitude past 𝜆 = 1.25 buys little additional acquisition and

substantially worsens locality. The tested grid also locates an onset interval, with the allowlist at 0%

(0/30, 0.0–11.4%) at 𝜆 = 1 and 53.3% (16/30, 36.1–69.8%) at 𝜆 = 1.25.

All difference-vector claims are control-relative. The operator preserves what the target arm contains

relative to the selected control, and this control shares task families and sibling-predicate content with

the target arm. With a differently constructed control, the same operator removes benchmark elicitation

instead of preserving it. Training-run variation at a fixed configuration spans 50.0–70.0% (15–21/30)

on the allowlist across three runs, with endpoint Wilson 95% intervals of 33.2–66.8% and 52.1–83.3%,

which is as large as many cross-run method gaps, so Table 6.6 is interpreted as a within-pair sweep of

one frozen Δ𝑡 and Δ𝑐 . The 𝜆 = 1.25 point also has poor absolute precision, with a measurable leakage

pair (Table 6.6) against eight correct broad target rows, so it remains a diagnostic near-floor frontier

point rather than a deployment candidate.

6.10. Linear Surgery and Gradient Diagnostics (RQ4)
The operator variants of Section 4.5 test whether a more selective transformation dominates the plain

difference for this arm pair, and Table 6.7 with Figure 6.7 shows that none does. The projection

and Fisher-weighted operators buy their higher acquisition only by retaining collateral movement,
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Table 6.7: Weight-space operator variants and gradient-surgery runs on the frozen single-API arm pair. Allowlist = exact target

matches of 30 diagnostic rows with Wilson 95% intervals. 𝑑
Coll

= non-target broad exact-match change versus the canonical base

run in percentage points (noise floor ±0.06). The target arm and the plain difference at 𝜆=1.25 repeat from Table 6.6 as references,

and the bold row marks the best acquisition-versus-collateral tradeoff, which none of the variants below dominates.

Operator Allowlist Wilson 95% 𝑑
Coll

(pp)

Target arm Δ𝑡 (reference) 50.0% (15/30) 33.2–66.8 +3.91

Plain difference, 𝜆=1.25 (reference) 53.3% (16/30) 36.1–69.8 +0.07

Per-module projection, 𝜆=1.5 76.7% (23/30) 59.1–88.2 +2.54

Rank-truncated projection, 𝑟=8, 𝜆=1.5 76.7% (23/30) 59.1–88.2 +2.41

Fisher-weighted subtraction, 𝜏=2 66.7% (20/30) 48.8–80.8 +2.89

TIES-style trimming 36.7% (11/30) 21.9–54.5 −0.21

DARE-style dropping 46.7% (14/30) 30.2–63.9 −0.34

Shared-direction removal, 𝑘=1 6.7% (2/30) 1.8–21.3 +2.44

Gradient surgery off (matched run) 70.0% (21/30) 52.1–83.3 +4.54

Gradient projection 53.3% (16/30) 36.1–69.8 +2.48

Anti-leakage terms (two variants) 0% (0/30) 0.0–11.4 −3.98 / −5.12

magnitude sparsification lowers acquisition without improving locality, and removing the top output

direction shared with the control collapses acquisition almost entirely. For this frozen pair and the

tested operators, useful target behavior is not isolated in a direction that can be removed from the

control-shared component without large loss. The operators ran at their registered settings on this

one arm pair, without per-operator hyperparameter search, so the comparison bounds what the tested

configurations achieve, not what each method could reach with dedicated tuning, and it supports no

claim about the geometry of API knowledge beyond this pair.

The online gradient-surgery family gives a compatible result from the training side (Table 6.7):

projecting the control direction out of the gradient trades about a quarter of the matched unmodified

run’s acquisition for roughly half of its collateral movement, while every tested variant with an explicit

anti-leakage unlikelihood term reaches 0% (0/30, 0.0–11.4%) and also damages broad behavior. These

runs show that the tested penalties did not separate acquisition from non-emission, without proving

that no such separation exists, and the leakage instruments are themselves string-based, so part of the

observed coupling is definitional.
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Figure 6.7: All weight-space operator variants on the plane of non-target broad movement (of 11,473 rows, versus the canonical

base run) against allowlist acquisition (of 30 rows). Gray diamonds are the reference arms, the star is the plain difference at

𝜆 = 1.25, and the shaded band is the evaluation noise floor. Operators that acquire more than the difference vector do so only by

retaining collateral movement, and the variants with explicit anti-leakage pressure destroy acquisition entirely.

6.11. Diverse-Format Data and Benchmark Elicitation (RQ2, RQ4)
Where the arms above vary format within benchmark-shaped completion, the diverse-format v1 target

arm is trained without benchmark-style completion templates in its target rows. It reaches only 16.7%

(2/12) on the broad target rows and 30.0% (9/30, Wilson 95% interval 16.7–47.9%) on the allowlist.

During data development the substring-scored probes elicited the target outside the benchmark format,

which motivated the bridge and ablation designs of Chapter 5, and the replicated form of this elicitation

gap appears in the five-API lane, where target-string presence remains elevated while exact-match

conversion changes across checkpoints and seeds (Section 6.12).

The v2 ablation line provides a larger benchmark-side contrast. A diverse-format arm with bridge

rows and no anchor replay reaches 80.0% (24/30, Wilson 95% interval 62.7–90.5%) on the allowlist and

66.7% (8/12) on the broad target rows at +4.71 percentage points of broad movement. Its leakage pair is

0.36% mention (41/11,473) and 0.31% resolved (36/11,473). It is the highest-acquisition single adapter in

this experiment line. Its own difference vector, built against a scenario-matched control, lowers allowlist

acquisition to 10.0% (3/30, 3.5–25.6%), whereas the multitask pair’s subtraction preserves acquisition.

The comparison directly shows that the effect of task arithmetic depends on what the selected control

shares with the target arm.

Together with the direct audit in Section 6.3, these results show that source-grounded synthetic data

can support target behavior across several formats. Benchmark-conditioned elicitation and calibrated

non-emission remain separate empirical requirements.

Chat SFT on target positives with anchors and matched-control task arithmetic are the recipes that

the scale-up of RQ5 carries forward: the first because chat is the format the instruction-tuned assistant

setting supports and anchor mixing is what controls its leakage, the second because its difference vector

kept a target-arm-level acquisition estimate at near-floor broad collateral, which no SFT checkpoint

matched. The other families each lost on a measured axis, positive-only training to leakage, FIM to its

untrained sentinel interface, prefix to its weaker acquisition ceiling, staged training to the simultaneous

chat frontier, and the more selective operators to the plain difference.
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Table 6.8: The five-API champions of the two scale-up lanes on the 141-row target surface. Acquisition = exact target matches

under seed 42. Seeds = three-seed mean and range, characterizing the per-seed peak checkpoints of the frozen recipe for the chat

SFT row (the record is that distribution’s single-seed maximum) and the pre-registered replication of the fixed composition for the

task-arithmetic row. Macro = mean of the five per-API rates. Leak m/r = off-target rows (of 11,436) containing a target string

(mention) or resolving to a target (resolved). Leak-broken = baseline-correct off-target rows broken by the union of those two

indicators. ΔEM = broad exact-match change versus baseline in percentage points. Churn = off-target rows (excluding leaks)

whose outcome flips in either direction.

Operating point Acquisition
Seeds: mean

(range) Macro
Leak m/r

(of 11,436)
Leak-

broken
ΔEM
(pp) Churn

SFT record (cosine, step 360)

41.8%

(59/141)

peaks 28.4%

(17.7–41.8%) 44.9%

1.37% / 1.06%

(157 / 121)

0.25%

(29) +10.4
27.2%

(3,105)

Task-arithmetic champion

(𝑐=0.25, 𝜆=1.0)

76.6%

(108/141)

75.2%

(73.8–76.6%) 76.2%

1.50% / 1.08%

(171 / 123)

0.23%

(26) +5.5
19.3%

(2,209)

6.12. Multi-API Scale-Up (RQ5)
RQ5 asks whether the single-API recipe scales to a subset of post-cutoff APIs in one adaptation. Four

scale-up lanes are completed: positive-anchor chat SFT and matched-control task arithmetic over the

five-API zero-baseline subset of Chapter 5, followed by the pre-specified extension of both recipes

to twenty-five APIs. The base model solves 0% (0/141) of the five-API target rows at L2, with the

phantom-dominated failure composition reported in Section 6.2.

Both lanes were developed by revising diagnosed failures against the same benchmark, an evaluation-

iteration threat that pre-registered criteria, frozen final configurations, and fresh-seed replication mitigate

but do not remove.

6.12.1. Positive-Anchor Chat SFT at Five APIs
Along the direct-SFT training trajectories, acquisition and broken baseline-correct rows rise together,

and the exact-match peaks vary across seeds: under seeds 42, 43, and 44 the frozen recipe peaks

at 41.8% (59/141), 25.5% (36/141), and 17.7% (25/141) of the target rows, a replicated peak mean of

28.4% (40/141). The lane’s record, the seed-42 cosine-schedule checkpoint at step 360 with all five

APIs nonzero, is therefore the single-seed maximum of that peak distribution rather than the recipe’s

expected yield, and Table 6.8 reports it next to the task-arithmetic champion of Section 6.12.2.

Figure 6.8 separates target-string presence from exact API match using the diagnostic defined in

Section 4.8. At the record, 68.8% (97/141, Wilson 95% interval 60.7–75.9%) of completions contain the

expected API leaf or alias, compared with 14.2% (20/141, 9.4–20.9%) at baseline, while 41.8% satisfy the

exact scorer. Later checkpoints fall below 13% exact acquisition while target-string presence remains

elevated, and two cosine-to-zero runs end at 13.5% (19/141) and 19.9% (28/141) exact acquisition

despite target-string presence reaching 66.0% (93/141). This is a measured presence-conversion gap, not

evidence of an identified internal knowledge state. Across seeds, peak position also changes from step

360 to 180 to 630, and only 14.9% (21/141) of the target rows are solved at all three peaks, compared

with a 44.7% union (63/141).

Outside the record, post-first-epoch checkpoints contain the expected target string on approximately

51.1% (72/141) of the target rows, varying by roughly 7.1 percentage points (10/141) across seeds against

the baseline’s 14.2%, and the leakage toll at the three seed-specific peaks is nearly fixed, with the pair

varying by only eight mention and ten resolved rows on the 11,436 off-target rows (per-seed values in

Table A.3). Direct chat SFT reproducibly raises target-string presence, while exact-match conversion is

trajectory-sensitive.

6.12.2. Task Arithmetic at Five APIs
The task-arithmetic lane trains one target arm and one format-control arm jointly across all five APIs,

defines 𝐾𝑐 = Δ𝑡 − 𝑐 Δ𝑐 , and composes the model on CPU as 𝜃 = 𝜃0 +𝜆𝐾𝑐 (Section 4.5). The construction

differs from the single-API pair of Section 6.9 in its training surface, its control, and its operator. Both

arms are trained on benchmark-surface rows, the fills, replacement expressions, and guard-line patches

that the benchmark itself asks for, with receiver-binding rows that tie the mesh method get_local_rank
to concrete mesh dimensions. The control is route-clean, with no control API sharing an import route

with any target. Subtraction is partial, with the control coefficient as an explicit dial operated at 𝑐 = 0.25,

𝜆 = 1.0 in place of the single-API full subtraction at 𝑐 = 1, and the difference of the two rank-16 arms is
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Figure 6.8: Two observations from the SFT scale-up. The left panel compares target-string presence with exact acquisition along

the record run, where the exact-match peak at step 360 is transient while the looser presence diagnostic remains elevated. The

right panel shows exact-match trajectories under three seeds, with stars marking seed-specific peaks whose height and position

vary.

carried as an exact rank-32 vector.

At those coefficients the subtraction lifts the raw target vector’s 72.3% (102/141) to the champion’s

76.6% (108/141) while lowering the leakage pair from 1.76% mention and 1.37% resolved to 1.50% and

1.08% of the 11,436 off-target rows (Table 6.8). The lane closed with a pre-registered replication in which

the champion was rebuilt from arms trained under seeds 43 and 44, with a passing band of ±10 of the

141 rows declared in advance. It passes with a maximum deviation of four rows and a three-seed mean

of 75.2% (106.0/141), every API is nonzero at every seed, and the leakage stays equally stable, within

0.10 percentage points on each component of the pair and with 25–27 broken baseline-correct rows

across seeds (per-seed values in Table A.2). Acquisition remains uneven across APIs, so the all-nonzero

result does not imply uniform performance.

The claim remains control-relative and composition-level: these numbers describe the target arm

relative to this format control at the tested coefficients, and task arithmetic does not eliminate leakage,

since the champion’s pair in Table 6.8 stays measurable at every seed.

6.12.3. Cross-Method Reading and the RQ5 Verdict
Table 6.8 collects the two five-API champions, and Figure 6.9 places all four scale-up checkpoints on

the common plane of acquisition against broken baseline-correct rows. The replicated task-arithmetic

champion mean of 75.2% stands against a direct-SFT peak distribution whose mean is 28.4% and whose

41.8% maximum is the single-seed envelope, and at seed 42 the champion also produces about half the

SFT record’s broad exact-match movement (+5.5 against +10.4 percentage points) with less off-target

churn (19.3% against 27.2% of the 11,436 off-target rows).

Figure 6.10(a) shows what the two checkpoints do to the target-row failure classes, with per-seed

values in Appendix A.5. The composition champion collapses the phantom share from the baseline’s

51.1% to 6.4–9.2% across its three seeds while its anachronistic share stays at zero, and at seed 42 correct

plus wrong-but-valid predictions cover 89.4% (126/141) of the target surface. The SFT record halves

the baseline phantom share to 26.2% at seed 42, and one API is zero at the weakest seed’s peak. The

receiver-bound get_local_rankmethod and the custom_op decorator remain the lowest-acquisition

APIs at the task-arithmetic champion, and leakage remains measurable (Table 6.8).

These results answer RQ5 at five APIs affirmatively with a refinement. Both method families produce

nonzero acquisition from the zero baseline, but the principal measured tradeoff is acquisition against

locality. Direct SFT produces damage-priced checkpoints with variable exact-match peaks, while the

matched-control composition replicates within four rows at its fixed coefficients. Retention is evaluated

after the twenty-five-API results so that the outside-benchmark cost can be compared across all scales at
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Figure 6.9: The four scale-up checkpoints on the plane of exact target acquisition against baseline-correct off-target rows broken

by target leakage, both as percentages of their surfaces (141 target and 11,436 off-target rows at five APIs, 224 asked and 11,382

off-target rows at twenty-five). Filled markers show the seed-42 checkpoints and open markers the replication observations,

where the SFT record’s replication points are the other two seed-specific peaks and the SFT25 champion’s are its step-matched

seed scores, drawn at the seed-42 leakage coordinate because that replication is scored on the target surface.
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Figure 6.10: Outcome taxonomy on the scale-up target surfaces, with the classes of Chapter 4. (a) The 141-row five-API target

surface under seed 42: baseline, the chat SFT record, and the task-arithmetic champion. (b) The 224-row asked surface of the

twenty-five-API set under seed 42: baseline, the SFT25 champion, and the TA25 champion. The twenty-five-API baseline bar is

the task-arithmetic lane’s served baseline, and the SFT lane’s independently served baseline agrees with it within one row per

class. Figure A.3 extends this view with per-seed values.



6.12. Multi-API Scale-Up (RQ5) 52

Table 6.9: The twenty-five-API champions of the two lanes, reported percentage first. Acquisition = exact matches on the 224

asked rows under seed 42. Seeds = replicated mean and range, over step-matched seeds 43 and 44 for the SFT lane and rebuilt

compositions for the task-arithmetic lane. New = the 83 asked new-API rows. Legacy = the 141 validated-five rows. Leak m/r =

off-target rows (of 11,382) containing a target string (mention) or resolving to a target (resolved). Leak-broken = baseline-correct

off-target rows broken by the union of those two indicators. ΔEM = broad exact-match change versus the lane’s baseline serve in

percentage points. Churn = off-target rows (excluding leaks) whose outcome flips in either direction.

Operating point
Acq.
(224)

Seeds: mean
(range)

New
(83)

Legacy
(141)

Leak m/r
(of 11,382)

Leak-
broken

ΔEM
(pp) Churn

SFT25 champion

(damage-priced, step 540)

49.6%

(111/224)

50.1%

(49.6–50.9%)

47.0%

(39/83)

51.1%

(72/141)

2.75% / 2.81%

(313 / 320)

0.56%

(64) +8.0
29.6%

(3,371)

TA25 champion

(𝑟=32, 𝑐=0.25, 𝜆=1.0)

65.2%

(146/224)

62.8%

(59.4–65.2%)

48.2%

(40/83)

75.2%

(106/141)

3.12% / 3.00%

(355 / 342)

0.71%

(81) +10.1
28.1%

(3,201)

once.

6.12.4. Scaling to Twenty-Five APIs
Both lanes were then extended to the frozen 25-API target set of Chapter 5, applying the frozen

five-API recipes to twenty additional zero-baseline APIs without per-API tuning. Acquisition uses the

asked-at-L2 denominators defined there: 224 rows, of which 141 belong to the validated five APIs (the

legacy cohort) and 83 to the fourteen new APIs the benchmark queries at L2 (the new cohort), while the

six new APIs without L2 rows are excluded from the L2 micro-averages. The base model reaches 0%

(0/224) on the asked surface, with the failure composition reported in Section 6.2. Table 6.9 reports the

two champions, with per-API detail in Table 5.5 and per-seed detail in Appendix A.4.

The direct-SFT lane trains one rank-64 adapter on the 25-API pack family, which renders 1,600

audited source rows into 14,400 training rows, and trains a five-API interference control beside it. The

registered damage-priced rule selects step 540, the SFT25 champion, whose step-matched seeds land

within three rows of one another and whose replicated mean of 50.1% (112.3/224) is the headline SFT

result (Table 6.9). Higher-acquisition checkpoints exist along the run but carry more measured damage

under the selection score.

At the selected checkpoint, 85.7% (12/14) of the L2-evaluable new APIs are nonzero. The six

L2-excluded APIs are evaluated separately on the code-only L0 surface, where step 540 answers 73.1%

(49/67) of their rows, a result that cannot be combined with the 224-row L2 micro-average (Appendix A.6).

The legacy-interference comparison, taken at the run’s highest-acquisition checkpoint, puts the legacy

cohort 14.2 percentage points below the paired five-API interference control (53.2% against 67.4% of the

141 rows), inside the pre-registered 15-point bar, and the effect is uneven across APIs, so the aggregate

pass does not imply uniform preservation.

The task-arithmetic lane applies the frozen matched-control recipe to the twenty new APIs on the

same benchmark instrument, under the criteria registered before launch. The replicated TA25 champion

mean of 62.8% (140.7/224) splits into a new-cohort mean of 47.8% (39.7/83) and a legacy-cohort mean

of 71.6% (101.0/141), which is 3.5 percentage points (5/141) below the five-API replication’s 75.2% and

inside the same interference bar.

Per-API replication is assessed only for the fourteen new APIs with L2 rows, of which 71.4% (10/14)

have exactly the same acquired-row count across the three champion seeds and 92.9% (13/14) vary by

at most one row, while the six new APIs without L2 observations are excluded from this invariance

denominator. The rank-32 capacity arm exceeds rank 16 by 3.6 percentage points on the evaluable

new-API micro-average, below the pre-registered 8-point criterion. These are measurements on the

asked surface only.

On replicated means, the TA25 champion reaches 62.8% acquisition against 50.1% for the SFT25

champion, and it buys those 12.7 percentage points with a somewhat larger seed-42 footprint, 0.71%

against 0.56% of the off-target rows broken and a slightly larger leakage pair (both pairs in Table 6.9).

Figure 6.10(b) gives the corresponding failure-class view on the asked surface. The TA25 champion

cuts the phantom share from the baseline’s 44.2% to 13.4–16.5% across seeds, again with zero anachro-

nistic rows, and the SFT25 champion reaches a lower phantom share still, 7.6% (17/224), while leaving

most residual failures as wrong-but-valid choices (41.5%, 93/224), so correct plus wrong-but-valid

predictions cover 91.1% of its asked rows against the TA25 champion’s 79.5% at seed 42, a difference

in residual failure composition that these measurements do not attribute to a cause. On the broad
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surface, chat SFT nearly empties the no-API class, from 12.67% of the 11,485-row sample at the scale-up

baseline serve to 1.01% at the SFT25 champion. The broad anachronistic class tracks leakage, reaching

1.72% (198/11,485, 133 rows resolving to a leaked target) at the SFT25 champion against 1.51% (173, 122

leaked) at the TA25 champion, while the baseline serve resolves to none of the twenty-five targets on any

off-target row. The 25-API study is an intermediate same-instrument stress test and does not establish

release-scale or out-of-instrument generalization.

6.13. Retention on Control Benchmarks
The retention suite measures behavior outside the API benchmark. The official scores in Table 6.10 serve

only as protocol sanity anchors confirming that the local harness produces plausible base-model scores,

with their published sources and harness-specific gaps documented in Chapter 5, Section 5.2, and every

adapter comparison uses the identically evaluated local base model and the same item-level scoring

path. The six pairable lanes are MMLU, MMLU-Pro, GSM8K, IFEval, HumanEval+, and MBPP+, tested

with the exact conditional-binomial McNemar and Holm procedure of Chapter 4 within the paired

families fixed in Chapter 5, while DS-1000 is aggregate-only and enters no paired inference.

No single-API cell survives correction, and the family-minimum exact 𝑝, given in the caption of

Table 6.10, occurs at the difference vector’s MBPP+ cell, the largest paired code delta in the table, whose

Holm-adjusted value is still 1.0. The chat arm’s aggregate GSM8K delta is exactly zero despite equal

win and loss shares of 3.03% (40/1,319 each), illustrating why paired churn is reported alongside the

point estimate.

All four IFEval point estimates are negative, from −1.11 to −2.22 percentage points (Figure 6.11), but

none is significant, the serial-client results are bit-exact, and concurrent-client repeats, which varied

by up to 2.2 percentage points on identical weights, stay out of inference, so the common sign is a

follow-up signal rather than evidence of a shared instruction-following cost. The suite also shows how

easily a retention measurement goes wrong: a superseded configuration that prompted the instruct

model with raw code completion instead of its chat protocol manufactured a nominally significant

code regression that the canonical protocol shows does not exist, and nothing about the erroneous

configuration announced itself, since the runs completed and the paired statistics were internally

consistent. Only the failure to reproduce published base-model numbers exposed the problem, which is

why every retention claim in this thesis is a paired delta within a protocol first checked against published

values.

6.13.1. Retention of the Scale-Up Champions
The four five-API operating points and the three twenty-five-API operating points pass the target-score

verification gate before retention evaluation. Table 6.11 and Figure 6.12 report the five-API comparisons,

while Table 6.12 reports the twenty-five-API comparisons under the same six pairable lanes and local

base outputs.

No five-API cell survives correction, and the family-minimum exact 𝑝 occurs for the low-leak SFT

arm on IFEval (caption of Table 6.11). Both SFT rows have negative MBPP+ point estimates, but because

no cell survives the family correction and the arms share evaluation items, this is a sub-threshold pattern

rather than a finding. The task-arithmetic champion has no significant paired delta and its largest

absolute point estimate is 1.48 percentage points. This does not prove that composition preserves every

unmeasured capability.

Table 6.10: Single-API retention deltas versus the locally evaluated base model in percentage points, with wins/losses counting

newly solved and newly failed items. Across 24 paired tests, the minimum exact McNemar 𝑝 is 0.076813 and the minimum

Holm-adjusted 𝑝 is 1.0. Official values are sanity anchors, not effect baselines. † IFEval uses deterministic serial-client runs.

‡ DS-1000 is aggregate-only.

Benchmark n Base Official Chat 1:1 +ver. Staged t0 Multitask t13 Diff. 𝜆=1.25

MMLU 14,042 74.24% 74.2 +0.02 (78/75) +0.06 (59/51) +0.01 (50/49) +0.01 (54/52)

MMLU-Pro 12,032 57.50% 56.3 +0.02 (860/858) +0.02 (801/799) −0.07 (795/803) −0.26 (677/708)

GSM8K 1,319 86.35% 91.6 0.00 (40/40) −0.15 (27/29) +0.53 (30/23) −0.53 (17/24)

IFEval
†

541 71.53% 71.2 −2.22 (24/36) −1.11 (18/24) −1.48 (20/28) −1.48 (20/28)

HumanEval+ 164 76.22% ≈ 76 −1.22 (5/7) +0.61 (6/5) −0.61 (3/4) +0.61 (3/2)

MBPP+ 378 70.37% ≈ 69 −0.53 (9/11) −1.06 (10/14) +0.79 (7/4) −2.12 (4/12)

DS-1000
‡

1,000 28.20% n/a +0.60 +0.10 +0.10 −0.20
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Figure 6.11: Paired retention deltas versus the local base model for the four single-API recipe champions. Whiskers are

descriptive normal-approximation 95% intervals computed from discordant-pair counts. Inference uses the exact

conditional-binomial McNemar tests and Holm correction reported in Table 6.10. DS-1000 is aggregate-only and is drawn without

whiskers, while IFEval uses deterministic serial-client runs.

Table 6.11: Five-API retention deltas versus the local base model in percentage points, with wins/losses. Across 24 paired tests,

the minimum exact McNemar 𝑝 is 0.04139143 and the minimum Holm-adjusted 𝑝 is 0.99339429. † IFEval uses deterministic

serial-client runs. ‡ DS-1000 is aggregate-only.

Benchmark n SFT record SFT low-leak Task-arithmetic champion Task-arithmetic knee

MMLU 14,042 −0.05 (227/234) +0.12 (257/240) +0.05 (97/90) −0.17 (71/95)

MMLU-Pro 12,032 −0.14 (1042/1059) −0.64 (1023/1100) +0.13 (948/932) −0.36 (893/936)

GSM8K 1,319 −0.30 (47/51) −0.83 (48/59) −0.53 (31/38) +0.23 (34/31)

IFEval
†

541 −2.03 (34/45) −3.33 (26/44) −1.48 (25/33) −2.22 (27/39)

HumanEval+ 164 0.00 (7/7) −1.83 (9/12) +0.61 (5/4) +1.22 (5/3)

MBPP+ 378 −3.44 (14/27) −3.70 (14/28) −0.26 (12/13) −0.79 (12/15)

DS-1000
‡

1,000 +2.30 −0.20 +0.80 +0.70

Table 6.12: Twenty-five-API retention deltas versus the local base model in percentage points, with wins/losses. In the six-test

SFT family, GSM8K has exact 𝑝 = 0.00066672 and Holm-adjusted 𝑝 = 0.00400034. IFEval is nominal only. Across the twelve

paired tests for the two task-arithmetic points, the minimum exact 𝑝 is 0.45825832 and the minimum Holm-adjusted value is 1.0.

† IFEval uses deterministic serial-client runs. ‡ DS-1000 is aggregate-only.

Benchmark n SFT25 champion (step 540) TA25 champion TA25 knee

MMLU 14,042 +0.32 (295/250) −0.06 (188/197) −0.08 (135/146)

MMLU-Pro 12,032 −0.51 (1067/1128) −0.02 (1035/1038) +0.04 (980/975)

GSM8K 1,319 −2.88 (41/79) +0.45 (50/44) −0.23 (44/47)

IFEval
†

541 −3.88 (30/51) −1.11 (31/37) −1.11 (30/36)

HumanEval+ 164 −3.66 (8/14) 0.00 (5/5) +0.61 (9/8)

MBPP+ 378 −0.26 (15/16) −1.32 (12/17) −0.79 (11/14)

DS-1000
‡

1,000 +0.40 +1.30 +1.30
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Figure 6.12: Paired retention deltas versus the local base model for the four five-API arms (left) and the three twenty-five-API

arms (right). Whiskers are descriptive normal-approximation 95% intervals computed from discordant-pair counts. Inference

uses exact conditional-binomial McNemar tests with Holm correction as reported in Tables 6.11 and 6.12. DS-1000 is

aggregate-only and is drawn without whiskers. IFEval uses deterministic serial-client runs. The marked GSM8K cell is the only

Holm-significant retention regression.

The SFT25 champion is the only arm of the programme with a corrected retention signal, a GSM8K

decline significant within its six-test family, in which newly failed items outnumber newly solved ones

roughly two to one (79 against 41 of 1,319, Table 6.12). Its IFEval delta is nominal only, the other four

pairable SFT lanes do not survive correction, and the DS-1000 aggregate rises without an item-level test.

Both 25-API task-arithmetic points are null across their twelve-test family (both minima in the

caption of Table 6.12), and the champion’s GSM8K point estimate is positive. This cross-method contrast

localizes the observed regression to the tested SFT package but does not identify its cause because

method, data, objective, adapter rank, and update construction differ together, and each retention arm

has one protocol-standard evaluation seed. The evidence therefore does not attribute the regression to

target count, edit mass, or any single recipe component.

6.14. Research-Question Synthesis
RQ1. Benchmark-wide, the base model’s errors fall mainly into wrong-but-valid substitutions of

semantic siblings or deprecated ancestors of the gold API and phantom names that truncate

real module paths, while anachronistic output is nearly absent (Section 6.2). On the post-cutoff

targets the model reaches zero exact matches on every frame, 0/12 broad and 0/30 allowlist for the

controlled API and zero again at five and at twenty-five APIs, so the failure is structured on the

tested API-identity surfaces and invisible to aggregate exact match alone. Signature correctness

was not an evaluation surface.

RQ2. The audited corpora pass their static checks completely, syntax parsing and expected-API

occurrence, with zero complete prompt-answer overlap against the full T1 benchmark in both audit
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views, passing live source contracts, and the author-recorded manual-inspection rates reported in

Section 6.3, while 62.58% of structural rows are planned epoch repeats and mechanical runtime

and semantic-diversity evidence remains incomplete. The data are adequate for the controlled

experiments under the named checks, and certified no further.

RQ3. LoRA SFT makes the missing API producible, positive-only training leaks it across non-target rows

(73.19% mention leakage at 100% target recall), and the best anchored point reaches 75.0% (9/12)

while its residual mention leakage breaks a single baseline-correct row (Section 6.5), conditional

target use on the measured benchmark rather than universal API competence.

RQ4. Format, data composition, and control choice set the measured frontier: a target-free control

reproduces +3.45 of the target arm’s +3.91 percentage points of broad movement with zero target

acquisition, and the 𝜆 = 1.25 difference vector holds a comparable target estimate at a near-floor

+0.07 percentage points of broad collateral, a control-relative, pair-specific result that establishes

no universal separable subspace (Sections 6.8–6.11). The 24-test single-API retention family is

Holm-null.

RQ5. At five APIs the replicated task-arithmetic champion reaches 75.2% against direct SFT’s 28.4%

peak mean and 41.8% single-seed envelope, and at twenty-five APIs the asked-surface means

are 62.8% for the TA25 champion and 50.1% for the damage-priced SFT25 champion, all on the

same instrument rather than held-out or release-scale generalization (Section 6.12). The five-API

retention family is Holm-null, while the twenty-five-API SFT package carries the programme’s only

corrected significant regression, −2.88 percentage points on GSM8K, which both task-arithmetic

points lack, a package-level contrast without an identified causal component (Section 6.13.1).



7
Discussion

7.1. Interpretation of Findings
Post-cutoff API acquisition turned out to be the cheap half of the problem: twelve source-grounded

positives and a rank-16 LoRA adapter make a 7B model produce a symbol it had never emitted. Positive

examples cannot teach the condition on that use, because every one of them shows a context where the

target belongs and none shows a context where it must not appear. The collapsed checkpoints show

the missing condition directly, since they emit the leaked target indifferently on rows whose pinned

version predates the API’s existence, and the anachronistic class rises and falls with leakage across

arms (Section 6.8). The arms that restrained emission were trained on counterexamples, and under the

matched FIM sweep budgets the anchored corpus cut mention leakage from 73.19% to 0.33% of the

off-target rows while giving up three of the twelve target rows.

The after-the-fact separations recovered less than those data-side counterexamples: gradient

projection traded about a quarter of the matched run’s acquisition for half of its collateral movement,

and both explicit anti-leakage penalties lost acquisition entirely. The pattern is consistent with a limit

of supervised fine-tuning itself, whose objective rewards producing the target on the training rows

and discourages wrong-context emission only through further examples, and whether reward-level

pressure can price leakage where these token-level penalties failed is the reinforcement-learning study

specified later in this chapter.

Beside the leakage limit, the experiments exposed an elicitation limit: the diverse-format arm

produced the target on its development probes while converting only 16.7% (2/12) of the broad target

rows, and along the 𝜆 sweep the movement shared with the format control subtracts away at near-floor

collateral while resolved leakage grows nearly eightfold past 𝜆=1.25 for at most one more allowlist row.

In the adapted model, knowledge and its elicitation are intertwined rather than separable components,

in line with the probing literature, where what a model appears to know depends on the prompt used to

elicit it and any single prompt measures only a lower bound [66], [67]. The benchmark’s own evaluation

finds the prompt-level form of the same asymmetry, with in-context documentation raising API accuracy

by 10 to 20 points while an explicit version constraint produces no measurable improvement [25]. From

training dynamics, Gekhman et al. find that fine-tuning mainly teaches a model to surface what it

already knows and that hallucination against pre-existing knowledge rises as new facts are eventually

learned [32]. Task arithmetic reports near-orthogonal task vectors, speculating that this orthogonality

enables their low-interference addition, and observes the orthogonality decay for semantically similar

tasks, the case of same-library APIs [48], while the merging literature documents the resulting parameter

interference and builds its procedures around resolving it [49].

7.2. Implications for Library-Version Specialists
The single-API adapter is a diagnostic probe, and a specialist needs a broader contract. Its target set

must come from a versioned public surface, because phantom classification, anachronistic classification,

and hard-negative construction all depend on availability evidence, and its training data must include

shared negative space among taught APIs, especially for siblings that compete for the same receiver
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or namespace. Selection must then operate per API and weigh mention leakage, resolved leakage,

baseline-correct regressions, churn, and retention alongside acquisition.

On this instrument and at these scales the composition holds the stronger position, since at twenty-five

APIs the replicated composition champion exceeds the damage-priced SFT selection by 12.7 percentage

points of mean acquisition while breaking baseline-correct completions on a comparable share of the

off-target rows (0.71% against 0.56% under seed 42), though with a somewhat larger leakage pair. Both

composition points also carry a null retention profile while the SFT package carries the programme’s

only corrected regression, so a builder starting from these results would start there. The preference

stays bounded to the tested packages, because the retention contrast compares bundles that differ in

data, objective, rank, and update construction, and a production choice would still need replicated

acquisition and retention under the intended data, latency, and serving constraints.

The corpus quality that RQ2 certifies rests partly on manual inspection, the per-example acceptance

and per-dataset diversity reading defined in Chapter 4. We reached the final generation methodology

only after revising earlier teacher prompts until quality and diversity were acceptable, and the review

reads every generated dataset, so the cost of that gate grows with every corpus and every revision round.

It also does not scale, because a release-scale specialist would need data for hundreds of APIs (the

strict benchmark matrix behind the twenty-five-API selection alone contains 1,151 introduced names,

146 of them with at least one benchmark row), so automated quality and diversity validation would

have to replace author reading. Chapter 8 takes that replacement up as future work, LLM agents that

investigate the API they teach and validate their own examples.

The twenty-five-API study also remains transfer within one instrument: the recipes were never

tuned on the twenty new APIs, but the questions still come from the LibEvoBench task family [25], and

full release coverage would need a larger target pool with benchmark coverage for the skipped APIs

together with evidence across libraries and model families. A deployed specialist would further need

runtime version selection, behavior-level validation of generated code, rollback criteria, and monitoring

of newly taught targets in unsupported contexts, none of which is tested here.

7.3. Why Reinforcement Learning Was Not Part of the Final Evi-
dence

We considered reinforcement-learning (RL) post-training through GRPO- and DAPO-style group

optimization [36], [37], [38] and excluded it from the completed evidence, because the central ambiguity

in every experiment was never how to maximize the target metric, positive-only SFT already saturating

target recall, but what the model actually learned and what else moved, and a policy-optimization

stage added before those measurements stabilized would have layered reward-design and optimization

confounds on top of the same identification problem. The natural naive reward, exact target match, is

also the objective whose supervised analogue produced the target-string prior, so group-based RL on

that reward would plausibly amplify leakage, and the gradient-surgery results suggest a leakage penalty

is not trivially stabilizable, since explicit anti-emission pressure destroyed acquisition in the supervised

setting. The thesis therefore contains no empirical conclusion about RL effectiveness for versioned APIs.

An RL study can now be specified around the measured failure modes. Rollout batches would need

target contexts, anchors, and hard negatives, while rewards would combine exact target identity, version

validity, and completion-format validity with penalties for resolved target leakage, phantom paths, and

regressions on baseline-correct controls. Full-string similarity alone cannot enforce API identity. The

falsifiable comparison is whether locality-aware RL improves the acquisition-locality frontier of a fixed

SFT input adapter relative to a reward-ablated control under the same paired movement, churn, and

retention measurements. Until that experiment is run, RL remains scoped future work.

7.4. Limitations and Threats to Validity
Construct validity. Exact dotted-path match measures whether the required API identity appears,

while it does not establish full program correctness. Mention leakage is raw string containment and

resolved leakage depends on the prediction extractor, so both are reported as a labeled pair rather than

a single leakage number. The nine development probes, six target probes and three leakage probes

on which any target-API emission is an error, add only suggestive elicitation evidence because their

substring scorer is generous, their prompts share a scenario universe with the generator, and they are
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too few to distinguish nearby arms. Retention is a separate construct measured on control benchmarks,

not an implication of low API-benchmark churn.

Internal validity and causal attribution. Experiment versions were redesigned after diagnoses on

the same benchmark, and checkpoint selection used its target slice. Pre-specified criteria, frozen final

configurations, failed registered endpoints, and fresh-seed replication limit post hoc flexibility without

making the final target set independent. Because package-level contrasts change several variables

together, the SFT-versus-composition retention contrast does not identify effects of surface, subtraction,

edit mass, rank, objective, or any individual recipe component.

Instrument validity. The benchmark asks only 224 of the 291 registered rows at L2, the 67 unasked

rows all belonging to six APIs, so every twenty-five-API L2 rate uses the asked surface and the six APIs’

evidence stays at L0. Official benchmark values check protocol plausibility without being point-estimate

reproductions, IFEval is bit-exact under the serial client while a concurrent-client configuration moved

identical-weight scores by up to 2.22 percentage points, and DS-1000 has aggregate outputs only and

stays out of paired inference. Exact McNemar tests and Holm correction apply within the declared 24-,

24-, six-, and 12-test families.

Synthetic-data validity. The direct corpus audit establishes syntax, expected-API occurrence, live

source-contract validation for the five scale-up packs, and complete prompt-answer separation from the

benchmark, each at the corpus’s achieved tier. The checks stop short of semantics: the lexical check

does not resolve imports, receivers, or runtime bindings, runtime validation is not corpus-wide, and

some historical corpora contain repeated templates. The manual reading described in Chapter 4, in

which we read the generated examples individually and each corpus as a whole for validity, quality, and

diversity, is a subjective judgment that cannot be reproduced or certified mechanically. Corpus quality

and diversity claims beyond the mechanical tiers rest on that judgment. RQ2 therefore supports static,

mechanically checked adequacy for the demonstrated adaptations, without a universal runtime-validity

certificate.

External validity. All completed experiments use Qwen2.5-7B-Instruct and PyTorch, with no cross-

model or cross-library replication, and the twenty-five-API extension stays on the same benchmark

instrument. The target selection took 80% of the eligible new candidates (20/25) and retained five

alternates, so the available pool does not support another increment of the same size under the same

rules. Full release coverage, runtime routing, and deployment behavior remain untested, so the work

provides validated building blocks instead of a library-version specialist.
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Conclusion and Future Work

8.1. Conclusion
This thesis asked whether controlled LoRA fine-tuning on source-grounded synthetic data can reduce

API hallucinations for post-cutoff APIs under fixed dependency constraints. A small LoRA adapter

does make a missing API appear, the harder half of the problem is controlling where it appears, and the

methodology built for that control carries from one API to five and then twenty-five on the LibEvoBench

instrument [25], so the answer is conditional: adaptation is reliable only as far as conditional use, locality,

and retention are measured and hold, and none of these follows from target acquisition or an aggregate

score alone.

8.2. Answers to the Research Questions
1. RQ1. Benchmark-wide the errors split mainly between two nearly equal classes, wrong-but-valid

choices of a semantic sibling or a deprecated ancestor of the gold API (27.58% of scored rows,

torch.chunk completed as torch.split, torch.linalg.svd as the deprecated torch.svd) and

phantoms that give real functionality a fabricated path, usually a truncation (27.24%, torch.
DataLoader for torch.utils.data.DataLoader). Baseline hallucination is therefore the substitu-

tion of close names and the fabrication of plausible ones, and almost never a version error (0.36%

anachronistic). On the post-cutoff targets the absence is complete on every target frame (0/12 broad

and 0/30 allowlist for the controlled API, 0/141 at five APIs, and 0/224 asked rows at twenty-five),

and the substitutes keep the required expression type while missing the symbol. The controlled

target is completed by semantically nearby runtime checks, most often torch.cuda.is_available
or torch.jit.is_scripting, and by two phantoms that put the target’s own name under the

wrong module (torch.is_compiling, torch.dynamo.is_compiling). The base model therefore

lacks the API identity, not the task pattern, so adaptation must teach the missing identity and be

judged by the outcome taxonomy together with the leakage pair, which catch a treatment that only

trades one nearby wrong name for another. The answer covers API identity only, since signature

validity and task-by-context variation were not evaluated, and it establishes behavioral absence in

the operational sense of Chapter 1.

2. RQ2. Repairing that missing identity requires data that encodes it, and the corpora show that

high-quality synthetic training data can be created from a teacher LLM working from each API’s

signature, documentation, and tests, since they pass complete syntax and expected-API checks and

every configured live source contract, share no complete prompt-answer pair with the benchmark,

and carry our recorded manual review of example quality and dataset diversity. The workflow is

not yet a scalable option, because reaching that quality required iterative revision of the teacher

prompt and manual per-example and per-dataset inspection. Since 62.58% of the audited rows

are exact repeats from planned epoch expansion, and runtime and mechanical semantic-diversity

evidence stays incomplete, the workflow certifies the mechanical tiers and separation while

stopping short of a universal correctness certificate.
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3. RQ3. With those corpora as input, controlled LoRA training can make one post-cutoff API

producible, positive-only training leaks it across non-target rows, and anchors and hard negatives

improve several matched frontiers without being universally required (the no-anchor diverse-

format arm), so checkpoint selection must price leakage and non-target regressions alongside

acquisition.

4. RQ4. Training task, data composition, and control design decide how much measured movement

comes from target use, task calibration, and interference, the attribution that RQ4 isolates:

knowledge-free controls reproduce broad gains with zero target acquisition, task-vector conclusions

stay relative to their matched pair, the held-out probes stay development-only, and no single-API

retention cell survives correction in its 24-test family.

5. RQ5. Under those controls, both method families scale beyond one API, with different replicated

profiles, and on target rows each replaces phantom-heavy baseline errors with correct calls, the

composition cutting the phantom share at twenty-five APIs to roughly a third of its baseline value.

At five APIs the composition reaches a 75.2% three-seed mean against direct SFT’s 28.4% peak

mean (41.8% single-seed envelope), and at twenty-five, on the 224 rows the benchmark asks at

L2, the composition reaches a replicated 62.8% and step-matched SFT 50.1%, with the new-API

outcomes nearly seed-invariant at the composition champion. The one significant retention cost

of the programme, the SFT package’s GSM8K decline, appears at neither composition point, a

package-level contrast whose cause the cross-method design cannot identify.

8.3. Future Work
Near term. The first line of work is the reinforcement-learning (RL) study that Chapter 7 specifies,

GRPO- or DAPO-style group optimization whose rewards combine exact target identity, version validity,

and format validity with penalties for resolved leakage, phantom paths, and regressions on baseline-

correct rows, judged against a reward-ablated control under the same paired acquisition, leakage,

churn, and retention gates. The completed single- and five-API surfaces already hold the baselines,

adapters, and comparison points that study needs, so it runs there first. The second line replaces single

teacher API calls with LLM agents that investigate a target API before writing examples for it, calling it

under the pinned library version, executing the examples they write, and reading its implementation

source in the library, so that high-quality training data is produced autonomously instead of through

the teacher-prompt revision and manual inspection this thesis needed. Viability is testable now, by

comparing agent-generated corpora against the manually inspected ones under the same audit tiers and

the same downstream acquisition, leakage, and retention gates.

Medium term. If the near-term comparison favors it, locality-aware RL extends across many APIs,

with the same gates applied per API. Scaling agent generation to larger API counts then requires

automated quality and diversity checks that stand in for manual reading.

Long term. A library-version specialist requires release-scale coverage, runtime selection of the

dependency version, validation of generated API behavior before code is accepted, rollback criteria, and

monitoring after library updates. Cross-language evaluation and agentic repair workflows extend the

same problem to larger software systems.

8.4. Takeaways for Practice
The completed evidence supports a short checklist for anyone fine-tuning version-specific API behavior.

Do not train on positives alone, because without anchor examples that define where the new API is

wrong, small adapters convert new symbols into global priors, and record which validation checks the

training data actually passed. Do not select checkpoints on aggregate scores either: require per-API

acquisition, the labeled leakage pair on non-target inputs, the failure-taxonomy shift, and paired

regression and churn counts against the unmodified model. Evaluate retention as declared paired

families within one harness whose base-model scores have been checked against published values,

keeping aggregate-only tasks descriptive, and replicate the selected training configuration and operating

point, because a single peak can misrepresent the distribution of exact-match conversion. At deployment,



8.4. Takeaways for Practice 62

verify emitted APIs against the installed version and monitor newly taught targets in unsupported

contexts, since an adapter is not a runtime safety boundary.
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A
Supplementary Figures

This appendix collects supplementary views of the completed single-API, five-API, and twenty-five-

API evidence reported in Chapter 6, together with the visual summary of the public-API extraction

comparison of Chapter 4. The single-API taxonomy figure uses the matched broad artifacts named in

Chapter 6, the reproducibility table reports the rerun pairs behind the retention-suite noise floors, and

the five-API and twenty-five-API replication details and the scale-up taxonomy figure use their versioned

thesis packs. The three L0 figures of Section A.6 are produced by the research repository’s versioned

analysis script from row-level scored outputs and imported unchanged, while the final extraction figure

uses the frozen comparison described in Chapter 4.

A.1. Outcome Taxonomy Across Runs
Figure A.1 extends the curated taxonomy view of Chapter 6 to all main runs. The collapsed positive-only

checkpoints are visible as a large anachronistic share, while the anchored adapters mainly convert

phantom and no-API mass into correct and wrong-but-valid outputs.

67
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Figure A.1: Outcome taxonomy on the matched 11,485-row sample for the main runs. Categories follow the failure taxonomy of

Chapter 4.
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A.2. Reproducibility of the Control-Benchmark Suite
Table A.1 reports the rerun experiment behind the noise floors quoted in Chapter 5 for the retention

suite. Under greedy decoding with a serial evaluation client, every same-weights rerun pair is exactly

reproducible: not a single per-item outcome flips across runs executed on different days and devices,

and two independent DS-1000 runs produce byte-identical generations for all 1,000 problems. Under a

concurrent evaluation client, identical weights no longer reproduce exactly. On IFEval, the measured

pairs flip 32 to 36 of 541 items each, with aggregate shifts between −1.85 and +2.22 percentage points

and a mean near zero. For this reason, Chapter 6 uses the reproducible serial-client outcomes for

IFEval arm deltas and does not interpret aggregate differences below the concurrent-client churn on the

remaining generative lanes.

Table A.1: Same-weights, same-protocol rerun pairs of the retention suite. Wins and losses count items whose outcome flips

between two runs of the identical model. A serial evaluation client reproduces exactly, while a concurrent client introduces

symmetric churn.

Rerun pair (identical weights) Client n Flips (w/l) Δ (pp)

IFEval, base model, three run pairs serial 541 0/0 0.00

IFEval, difference vector serial 541 0/0 0.00

GSM8K (superseded protocol), two models serial 1,319 0/0 0.00

HumanEval+ (superseded protocol), two models serial 164 0/0 0.00

DS-1000, base model, generation bytes serial 1,000 identical 0.00

IFEval, chat target-heavy arm serial vs. concurrent 541 22/10 +2.22

IFEval, staged arm serial vs. concurrent 541 17/17 0.00

IFEval, multitask arm serial vs. concurrent 541 13/23 −1.85

IFEval, difference vector serial vs. concurrent 541 18/14 +0.74
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A.3. Replication Detail for the Five-API Operating Points
Table A.2 reports the per-seed values behind the replicated task-arithmetic champion of Chapter 6,

including the control-free raw vector as a reference and the lower-𝜆 knee composition carried by the

retention suite, and Table A.3 gives the same view for the chat SFT lane’s seed-specific peak checkpoints,

where acquisition varies from 25 to 59 rows while the leakage pair stays within eight mention and ten

resolved rows.

Table A.2: Per-seed values of the five-API task-arithmetic operating points. Exact target acquisition uses 141 rows. Leak gives the

mention / resolved pair on the 11,436 off-target rows, and bc counts baseline-correct rows broken by the union of the pair. The

knee (𝜆=0.9) is the retention family’s second composition point.

Operating point Seed Acquisition Leak (m / r) bc

Raw, 𝑐=0, 𝜆=1.0 42 72.3% (102) 201 / 157 29

43 69.5% (98) 206 / 159 29

44 73.8% (104) 214 / 165 29

Knee, 𝑐=0.25, 𝜆=0.9 42 65.2% (92) 105 / 71 16

43 65.2% (92) 104 / 75 15

44 66.7% (94) 120 / 83 18

Champion, 𝑐=0.25, 𝜆=1.0 42 76.6% (108) 171 / 123 26

43 73.8% (104) 164 / 120 25

44 75.2% (106) 175 / 128 27
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Table A.3: Per-seed peak checkpoints of the chat SFT record recipe (cosine schedule) on the five-API surface. Acquisition uses the

141-row target surface, Leak gives the mention / resolved pair on the 11,436 off-target rows, and bc counts baseline-correct rows

broken by the union of the pair.

Seed Peak step Acquisition Leak (m / r) bc

42 360 41.8% (59) 157 / 121 29

43 180 25.5% (36) 162 / 120 28

44 630 17.7% (25) 165 / 111 27
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A.4. Replication Detail at Twenty-Five APIs
Table A.4 gives the per-seed values of the twenty-five-API task-arithmetic points, mirroring Table A.2.

Figure A.2 shows the fourteen new APIs with L2 queries and lists the six structurally unqueried APIs

separately. The SFT lane’s step-matched replication values (111/114/112 at the champion step) appear

in Chapter 6.

Table A.4: Per-seed values of the twenty-five-API task-arithmetic operating points on the 224-row asked surface, split into the

new (83-row) and legacy (141-row) cohorts. Leak gives the mention / resolved pair on the 11,382 off-target rows, and bc counts

baseline-correct rows broken by the union of the pair. The rank-32 raw vector (𝑐=0) is the control-free reference, and the knee is

the retention family’s second composition point.

Operating point Seed Acquisition New Legacy Leak (m / r) bc

Raw, 𝑟=32, 𝑐=0, 𝜆=1.0 42 67.0% (150) 44 106 407 / 396 96

43 62.5% (140) 40 100 335 / 310 84

44 66.1% (148) 43 105 370 / 354 86

Knee, 𝑟=16, 𝑐=0.25, 𝜆=0.9 42 62.1% (139) 35 104 154 / 140 37

43 62.1% (139) 35 104 148 / 135 32

44 60.3% (135) 35 100 154 / 140 33

Champion, 𝑟=32, 𝑐=0.25, 𝜆=1.0 42 65.2% (146) 40 106 355 / 342 81

43 59.4% (133) 37 96 298 / 267 84

44 63.8% (143) 42 101 350 / 333 84
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Figure A.2: Per-API exact matches of the twenty-five-API task-arithmetic champion across three seeds for the 14 new APIs with

L2 queries. Grey bands span the queried rows, and overlapping markers indicate invariant counts. Ten APIs are exactly invariant

and 13 remain within one hit. The six new APIs with no L2 query are listed separately and excluded from both denominators.
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A.5. Outcome Taxonomy on the Scale-Up Target Surfaces
Figure A.3 gives the per-seed complement of the taxonomy figure of Chapter 6 (Figure 6.10): the

full outcome-class decomposition of the scale-up operating points, in which the raw task vectors

are control-free diagnostic references and the knee compositions are the retention family’s second

composition points. The twenty-five-API baseline bar is the task-arithmetic lane’s served baseline, and

the SFT lane’s independently served baseline agrees with it within one row per class.
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Figure A.3: Per-seed outcome taxonomy on the scale-up target surfaces, with each bar decomposed into the percentage shares of

correct, wrong-but-valid, phantom, no-API, and anachronistic outputs. (a) Thirteen bars on the 141-row five-API target surface:

the baseline, the SFT record (step 360, seed 42), the SFT seed-43 peak (step 180), the SFT seed-44 peak (step 630), then the raw

(𝑐=0, 𝜆=1.0), knee (𝑐=0.25, 𝜆=0.9), and champion (𝑐=0.25, 𝜆=1.0) task-arithmetic points, each under seeds 42 to 44. (b) Thirteen

bars on the 224-row asked surface of the twenty-five-API set: the baseline served by the task-arithmetic lane, then the SFT25

champion (step 540), the raw vector (𝑟=32, 𝑐=0), the TA25 champion, and the TA25 knee, each under seeds 42 to 44.
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A.6. Results at the Code-Only Context Level (L0)
Chapter 6 reports acquisition on the benchmark’s scored context level L2, and its main text uses only an

L0 summary for the six twenty-five-API targets without documentation at L2, while this section reports

the full L0 evidence. L0 prompts contain only the code context, with no version requirement and no

documentation, and L0 is the only level at which every target row (141 and 291) and every broad row

is queried, which makes comparison possible for the six APIs skipped at L2. The champions remain

those selected under the pre-registered L2 rule. Two independent baseline runs flip 138 of the 16,444 L0

broad rows, so smaller broad differences are not interpreted.

Figure A.4 gives the operating-point overview. The five-API task-arithmetic champion converts 76

of 141 rows at L0, compared with 108 at L2. The twenty-five-API task-arithmetic champion converts

118 of 291 at L0 across seed values 118/115/120, compared with 146 hits at L2 for the reporting seed.

At twenty-five APIs, the SFT damage-priced champion reaches 148 of 291 at L0 across seed values

148/137/154 and exceeds the task-arithmetic point on this surface. This reversal is consistent with

a difference in the rendered training prompts because the SFT packs include both documentation-

bearing and code-only completion shapes, while the frozen task-arithmetic recipe renders only the

documentation-bearing shape. The large Placement.is_partial slice also matters: SFT solves 36 of 36

rows and task arithmetic solves 2, while task arithmetic leads 116 to 112 after those rows are removed.

These observations describe a surface association and do not isolate the training format as its cause.



A
.6.

R
esults

atthe
Code-O

nly
ContextLevel(L0)

77

0 20 40 60

SFT v4-960 · low-leak

SFT v6-360 · champion

TA v8 · knee

TA v8 · champion

SFT v10-540 · champion

SFT v10-1260 · max-acq.

TA v9 · knee

TA v9 · champion

Target-API EM at L0 (%)

13/141

28/141

61/141

76/141

148/291

157/291

103/291

118/291

0 2 4 6 8 10

Leakage (% of off-target rows)

0.4%

0.9%

1.0%

1.4%

2.5%

8.1%

1.4%

3.4%

0 50 100 150 200

Base-correct rows broken

5

14

13

21

43

192

23

77

0 1000 2000 3000 4000 5000

Broad rows flipped (correct  incorrect)

3,346

3,493

2,716

2,845

4,134

4,037

3,483

3,699

0 2 4 6 8 10

Broad EM change (pp)

+6.4 pp

+4.2 pp

+4.9 pp

+4.8 pp

+8.0 pp

+8.9 pp

+8.7 pp

+7.9 pp

5 APIs
141 target rows

25 APIs
291 target rows
(all asked at L0)

Scaling API-knowledge injection at L0 (In-File, code only)  acquisition vs guardrails, SFT vs task arithmetic

L0 = the benchmark's code-only In-File surface (no documentation, no version tag); every target and broad row is asked. Champions are the frozen objects selected under the pre-registered L2 rule.
Leakage = off-target broad rows emitting a target API (L0 off-target denominators 16,395 / 16,313); base-correct rows broken  = direct-leak rows the base model had right.
Rows flipped and EM change exclude leak rows; hairline = L0 rerun noise (138 rows flip between two independent baseline runs, n=16,444). Source: recomputed from row-level scored parquets, t1_L0 columns.
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Figure A.4: Operating-point overview at L0, where every target and broad row receives a code-only prompt. Bars are the L2-selected champions re-measured at L0, and open markers give

per-seed values where replication exists. Leakage, broken baseline-correct rows, flipped rows, and broad exact-match change use the L0 off-target surfaces of 16,395 rows at five APIs and 16,313 at

twenty-five APIs. The hairline marks the measured L0 rerun floor of 138 flips among 16,444 rows.



A.6. Results at the Code-Only Context Level (L0) 78

Figure A.5 resolves the twenty-five-API L0 comparison per API. The six documentation-empty APIs

(marked with a dagger) are not systematically harder at L0 than the asked nineteen: all six reach nonzero

L0 acquisition under the SFT champion and five of the six under both methods, and the largest of them,

Placement.is_partial, is fully acquired by the SFT champion. The per-API view also shows that the

legacy receiver method get_local_rank inverts between the lanes at L0 (SFT 0 of 45, composition 8 of

45) while both lanes agree exactly on the small saturated APIs, the same binding-level agreement the L2

seed-invariance analysis found.

Figure A.6 completes the L0 view with the answer-class transition matrices of the four scale-up

champions on the non-leak off-target broad rows, the L0 analogue of the taxonomy analysis of Chapter 6.

The transition structure matches the L2 story: most movement exchanges wrong-but-valid, phantom,

and no-API mass in both directions, with the net improvement concentrated in phantom-to-correct and

no-API-to-correct flows, and no anachronistic buildup.
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Figure A.5: Per-API exact match at L0 for the twenty-five-API champions of both lanes under seed 42. Daggers mark the six

documentation-empty APIs that the benchmark never queries at L1/L2, and concentric markers indicate identical scores.
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Figure A.6: Answer-class transitions from the base model to each scale-up champion on the non-leak off-target broad rows at L0.

Counts use a logarithmic scale, and diagonal cells are unchanged rows.
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A.7. Public-API Extraction Comparison
Figure A.7 visualizes the extraction comparison tables of Chapter 4: the extractor families differ by more

than an order of magnitude in surface size, and the Sphinx-derived set behaves as a high-precision,

low-recall subset of the runtime-visible surface while capturing a substantial share of the cross-method

consensus core.
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Figure A.7: Public-API extraction comparison on the three pinned library versions of Chapter 4. (a) Normalized API counts per

extractor on a logarithmic scale. (b) Precision and recall of the Sphinx-derived set against runtime introspection, and its F1 against

the multi-method consensus set.



B
Use of Generative AI Tools

Generative AI tools supported two kinds of work in this project, running the GPT-5.1, GPT-5.2, GPT-5.4

and GPT-5.6-Sol models on the OpenAI side and the Claude Opus 4.5 and Claude Fable 5 models on the

Anthropic side. Conversational assistants, ChatGPT and Claude, answered comprehension questions

about papers and technologies during the literature study and the design of the experiments, with

prompts of the form “Explain concept X in this paper for me”. Agentic coding tools, Codex and Claude

Code, aided in the development of the code of the project under our direction, with prompts of the form

“Implement a method that does X”, “Implement a script that does X”, and “Change the implementation

of X such that Y”. The same agentic tools produced analysis figures on request, with prompts of the form

“Generate a plot with the data from experiment X”, and retrieved literature metadata, with prompts of

the form “Find me the most recent published version of paper X and give me a citation for it”.

Agentic tools also assisted the writing of this document under our direction, with prompts of the

form “Format this table/figure/paragraph such that it renders nicely in the page” and “Reformulate

this paragraph such that it follows the following main ideas”. All AI output, whether text, code, figures,

or retrieved references, was verified by the author, who takes full responsibility for the content of this

thesis.
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