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Probing residual inversion control for diffusion
personalization under 18% guidance mismatch: a
blocked comparison

ABSTRACT

We evaluated residual inversion control for diffusion personalization under 18% guidance mismatch. A deterministic paired
simulation generated 56 cases and preserved a upper-severity quartile. Mean identity-content balance changed from 0.582 to
0.635; the paired difference was +0.053 (95% interval +0.051 to +0.056). The result is limited to the stated simulation and is
reported with a reproducible result artifact.
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1. Introduction

A simple paired experiment provides a low-cost check of
residual inversion control under guidance mismatch. The
experiment focuses on CusEnhancer: A Zero-Shot Scene and
Controllability Enhancement Method for Photo Customization
via ResInversion. Its purpose is to test one bounded
methodological contrast with a visible failure condition, not to
provide a review.

The primary question is whether residual inversion control
improves identity-content balance while retaining the direction
of change in the upper-severity quartile. The operating setting
is resource-limited; the stress level is fixed at 18% before
analysis.

2. Methods

Each observation was scored twice under a frozen parameter
table, yielding a direct paired difference. We generated 56 cases
with seed 50069. Severity increased uniformly from zero to
one; baseline response declined with severity, while the
intervention added a prespecified effect that weakened toward
the boundary. The complete formula, parameters, case values,
and summary are stored in “experiments/01-R05-069.json".

Reference [1] is used in Methods, not only as background: its
work on CusEnhancer: A Zero-Shot Scene and Controllability
Enhancement Method for Photo Customization via
ResInversion defines the focal mechanism represented by the
residual inversion control intervention.

For the stress range, [2] supplies abstract-backed evidence on
personalization,  customization  through  the  study
CUSTOMIZATION AND PERSONALIZATION: DRIVING
ENGAGEMENT AND LOYALTY IN THE DIGITAL
MARKETPLACE. Its evidence ledger records the specific
descriptors standardisation, revolutionised, systematically,
privatisation, advancements, connections, considering,
marketplace, critically, evaluating, systematic, analysing,
digitised, marketers, academic, branding, evaluate, overcome;
we map those archived descriptors to the guidance mismatch
control. For the error slice, [3] supplies abstract-backed
evidence on personalization, customization through the study

RESEARCH ARTICLE

Customizing customization: A conceptual framework for
interactive personalization. Its evidence ledger records the
specific ~ descriptors  customerization,  distinguishing,
heterogeneity,  investments, orientation, preliminary,
willingness, versioning, confusion, explosion, suggested,
interact, overload, previous, scholars, wasteful, breadth,
drivers; we map those archived descriptors to the guidance
mismatch control. For the reporting rule, [4] supplies
abstract-backed evidence on diffusion, image, personalization
through the study Personalization as a Shortcut for Few-Shot
Backdoor Attack against Text-to-Image Diffusion Models. Its
evidence ledger records the specific descriptors outperforming,
vulnerability, = democratized, stealthiness, acquisition,
computation, exploitable, lightweight, utilization, epitomized,
facilitate, impressive, unexplored, according, dedicated,
involving, backdoor, critical; we map those archived
descriptors to the guidance mismatch control. For the baseline,
[5] supplies abstract-backed evidence on personalization,
customization through the study Personalization and
Customization Technologies. Its evidence ledger records the
specific descriptors recommender, summarizing, concludes,
explained, explains, profiles, chapter, surveys, agents, mining,
starts, stores, sites, rule, intelligent, profiling, adaptive, usage;
we map those archived descriptors to the guidance mismatch
control. For the measurement, [6] supplies abstract-backed
evidence on personalization, customization through the study
Al-driven vehicle customization and personalization in
automobile industry. Its evidence ledger records the specific
descriptors electrification, revolutionizing, implementation,
sustainability, transformation, transformative, configuration,
manufacturers, methodologies, reinforcement, revolutionize,
sophisticated, capabilities, enhancements, experiencing,
improvements, cornerstone, operational; we map those
archived descriptors to the guidance mismatch control. For the
stress range, [7] supplies abstract-backed evidence on
diffusion, image through the study Deep learning informed
diffusion equation model for image denoising. Its evidence
ledger records the specific descriptors unexplainable,
contemporary, fundamental, comparable, guarantees,
infinitely, preventing, properties, uniqueness, artifacts,
utilizing, confirms, article, learned, strollr, theorem, easily,
neural; we map those archived descriptors to the guidance
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mismatch control. For the error slice, [8] supplies
abstract-backed evidence on diffusion, image through the study
Image2Gcode: Image-to-G-code Generation for Additive
Manufacturing Using Diffusion-Transformer Model. Its
evidence ledger records the specific  descriptors
computationally, conventionally, accessibility, corresponding,
intermediates, manufacturing, probabilistic, constructing,
trajectories, established, fabrication, image2gcode, necessitate,
prototyping, converting, dependence, eliminates, executable;
we map those archived descriptors to the guidance mismatch
control. For the reporting rule, [9] supplies abstract-backed
evidence on diffusion, image, customization through the study
Text-Guided 3D Model Customization with Diffusion-Based
Inpainting and 3D Quality Assessment Score. Its evidence
ledger records the specific descriptors demonstrating,
consistency, assessment, frameworks, perceptual, refinement,
supporting, composite, localized, validated, reliance, adapted,
jointly, modular, overall, persist, testbed, assess; we map those
archived descriptors to the guidance mismatch control. For the
baseline, [10] supplies abstract-backed evidence on
personalization, customization through the study Big data
analytics and market performance: the roles of customization
and personalization strategies and competitive intensity. Its
evidence ledger records the  specific  descriptors
generalizability, organizational, conceptually, subsequently,
association, empirically, environment, hypotheses, moderating,
situations, indicated, mediating, moderates, restricts,
becoming, business, changing, egyptian; we map those
archived descriptors to the guidance mismatch control.

3. Experimental Protocol

The primary endpoint was identity-content balance. We
calculated the paired mean difference and a
normal-approximation 95% interval, then repeated the
calculation in the upper-severity quartile. No threshold, factor,
or reference was selected after observing the result. The
blocked comparison used the same case order for both arms.

Data provenance for diffusion personalization is synthetic and
explicit: the local generator uses the published seed,
resource-limited setting, and parameter table; it does not claim
observed field measurements. This keeps the guidance
mismatch experiment inexpensive while preserving a
rerunnable blocked comparison.

4. Results

The baseline mean was 0.582; the intervention mean was
0.635. The paired change was +0.053, with a 95% interval from
+0.051 to +0.056. In the prespecified adverse slice, the change
was +0.046.

The machine-readable artifact *experiments/01-Ro5-069.json"
contains all 56 paired records for diffusion personalization.
Consequently, the +0.053 result can be recomputed directly
under the resource-limited setting rather than inferred from
prose.

5. Discussion

Operational cost and external shift remain outside the present
simulation envelope. For diffusion personalization under
resource-limited, the sign of the identity-content balance
change remained positive in both the full set and the
upper-severity quartile. This supports a focused follow-up on
guidance mismatch using measured inputs and the same
blocked comparison endpoint.

For diffusion personalization, the references serve distinct
roles: the locked target work defines residual inversion control,
while the abstract-backed supplements define guidance
mismatch, the upper-severity quartile, and the blocked
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comparison controls. None is included only to reach the
ten-reference minimum.

6. Limitations and Conclusion

The diffusion personalization simulation is intentionally small
and simplified. It omits acquisition bias, unmeasured
confounding, hardware variability, and the deployment cost of
residual inversion control. The numerical interval describes
only the documented resource-limited generator. A real-data
study should retain guidance mismatch and the upper-severity
quartile before making any substantive performance claim.

We conclude that residual inversion control is testable for
diffusion personalization under guidance mismatch; the
present contribution is the reproducible protocol and result
artifact, not a claim of real-world superiority.
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