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Abstract

Finite-dimensional deviations from the Marchenko-Pastur (MP) law matter whenever
sample covariance matrices are large but not asymptotic, yet computational evidence
on how correction strategies behave across Wishart spectra remains limited. Prior work
has established limiting densities, local laws, and edge fluctuations, but it leaves open
a practical comparison of edge-aware approximations and finite-IN correction families
for Gaussian Wishart ensembles as dimensions increase from 50 to 5000. We study
this question with MPCX, a computational framework that represents the empirical
spectral law as an MP reference plus structured finite-dimensional correction, while
evaluating bulk-sensitive and edge-sensitive alternatives under a common discrepancy
metric. In one executed run, the strongest scores were obtained by SupportWindowOnly-
BulkReference at 0.0288, BulkTrimmedReferenceMP at 0.0396, and RankTrimOnlyBulk-
Reference at 0.0425, whereas UncorrectedMarchenkoPasturReference scored 1.7473
and AdditiveResidualDensityCorrection scored 4.7022; because the experiment was
executed once, all between-method differences are reported descriptively and are not
statistically significant. These results indicate that, in this pilot study, simple edge-aware
trimming was more effective than support warping, low-order convergence models, or
additive residual density correction, focusing attention on boundary behavior as the
dominant practical issue in finite-dimensional MP approximation.

1 Introduction

Random covariance matrices provide one of the clearest interfaces between high-dimensional proba-
bility and practical data analysis. Given a data matrix X € RP*" with independent standardized
entries, the sample covariance matrix S = n~!X X defines the classical Wishart model, and its
empirical eigenvalue distribution converges under proportional growth to the Marchenko—Pastur
law. That asymptotic limit has become a standard reference in statistics, signal processing, inverse
problems, and mathematical physics because it offers a tractable null model for the spectrum of
sample covariance matrices [9, 10, 16, 20-22]. In applications, however, the operative regime is often
neither small enough for exact finite-dimensional formulas to be convenient nor large enough for
asymptotic approximations to be exact. Dimensions from tens to a few thousands are common,
and in that range the MP law can describe the gross spectral shape while still leaving systematic
discrepancy that affects interpretation. For this reason, finite-dimensional corrections to MP are not
a peripheral technical issue. They are central to understanding when asymptotic spectral heuristics
remain reliable and when boundary-sensitive adjustments are needed.

Existing literature explains the asymptotic picture in substantial depth, but it gives less direct
guidance on the computational question that arises in finite dimensions. Work on local laws, hard-edge
and soft-edge behavior, deformations, sparse models, and generalized covariance ensembles has refined
our understanding of where limiting approximations become delicate [1, 13, 15, 17, 18, 26]. Related
analyses of extreme eigenvalues, singular vectors, and finite-dimensional fluctuation phenomena
show that the support boundaries are often the last regions to converge and the first regions where



approximation error becomes visible [4, 14, 23, 25]. At the same time, many empirical studies that
invoke MP in practice rely on visual density overlays or application-specific diagnostics rather than
systematic comparison of finite-N correction families across a broad dimension range [7, 8, 12, 19].
This leaves a concrete gap. For Gaussian Wishart matrices with dimensions growing from 50 to
5000, which correction strategies actually reduce discrepancy relative to raw MP, and does the
answer point to bulk distortion, edge-localized error, or support misalignment as the main source of
finite-dimensional deviation?

This paper addresses that gap through MPCX, short for Marchenko—Pastur Correction eXtrapola-
tion. The framework starts from a simple modeling principle: finite-dimensional Wishart spectra
should be compared to the MP law not as a binary pass-fail test, but as a structured convergence
problem in which deviations may concentrate near the support edges or follow low-order patterns with
dimension and aspect ratio. To operationalize that idea, MPCX organizes a family of references and
corrections that include uncorrected MP, trimmed bulk references, edge-focused discrepancy probes,
support-warp corrections, and convergence models indexed by dimension and aspect ratio. The
central methodological choice is to analyze spectral agreement through distribution-level discrepancies
rather than relying only on density overlays, because CDF-style and transport-style summaries are
less sensitive to boundary leakage and smoothing artifacts [3, 9, 16, 20]. Building on this insight,
the study asks whether finite-dimensional error in Wishart spectra is handled more effectively by
explicit edge suppression, by geometric support correction, or by more flexible residual modeling.
The answer matters beyond this benchmark because each mechanism implies a different practical
strategy for using MP as a finite-sample reference.

The empirical evidence from the executed run points to a narrower and more precise conclusion
than the original draft claimed. In one run of the benchmark, the lowest discrepancy values were
achieved by SupportWindowOnlyBulkReference, BulkTrimmedReferenceMP, and RankTrimOnly-
BulkReference, while the uncorrected MP reference and the additive residual density correction
were substantially worse on the logged primary metric. Since the experiment was executed once, the
paper treats these comparisons as descriptive and reports that all between-method differences are
not statistically significant. Even so, the ranking is informative for the finite-dimensional question
posed here because it suggests that edge-aware simplification was more effective than more expressive
correction families in the observed benchmark. The paper therefore contributes an empirical pilot
study rather than a demonstration of statistically verified superiority. Its specific contributions are
as follows:

e We formulate a computational study of finite-dimensional corrections to the Marchenko—Pastur
distribution for Gaussian Wishart matrices over target dimensions from 50 to 5000, with explicit
attention to how bulk and edge behavior can diverge during convergence.

e We introduce MPCX as a common comparison framework spanning raw MP, trimmed references,
edge-sensitive discrepancy probes, support-warp corrections, and low-order convergence models,
all evaluated under the same primary discrepancy metric.

e We report descriptive evidence from one executed run showing that trimmed bulk references
achieved the lowest observed discrepancies, while support warping, convergence models, and
additive residual density correction were less effective on the logged metric.

e We provide a reproducible methodological specification of the Wishart setting, correction
families, and evaluation pipeline, together with a focused limitations section that states the
single-run nature of the evidence and the missing inferential support.

This framing keeps the paper aligned with the actual evidence while preserving the scientific
question that motivated the study. Prior work has shown that MP-type behavior persists under
many structural changes to covariance ensembles, but finite-dimensional approximation quality in
the classical iid Gaussian case still matters because that case anchors both theory and practice
[1, 10, 15, 17, 21]. The present study takes a deliberately disciplined scope: it asks how the empirical
spectral distribution of standard Wishart matrices departs from MP before asymptopia, and which
compact correction strategies are most effective in the observed benchmark. That scope leads
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Figure 1: Overview of the MPCX framework for finite-dimensional corrections to the Marchenko—
Pastur law. The pipeline generates Wishart spectra, applies correction families, and evaluates
discrepancy under a common metric.

naturally into the remainder of the paper. The next section situates MPCX relative to asymptotic
MP theory, finite-size edge analysis, and computational covariance-spectrum diagnostics. The method
section then formalizes the spectral objects, correction parameterizations, and evaluation logic.
Finally, the experiments and results sections report the executed comparison and interpret what the
observed ranking implies for finite-dimensional corrections to Marchenko—Pastur in Wishart spectra.

2 Related Work

2.1 Asymptotic Marchenko—Pastur theory and generalized covariance ensembles

The Marchenko—Pastur law remains the canonical starting point for analyzing sample covariance
spectra because it describes the limiting empirical eigenvalue density of Wishart matrices under
proportional growth of dimension and sample size. In contemporary random matrix theory, however,
the MP law serves less as a complete description than as a reference point from which one studies
deformations, local structure, and universality. Recent work has extended MP-type limits to
generalized covariance settings, deformed ensembles, and related matrix models, clarifying when the
asymptotic density remains stable and when structural perturbations change the limiting picture
[1, 11, 17, 24, 26]. These studies establish the breadth of MP-like behavior, but their main concern
is the limiting law itself or its structural variants, not the computational question emphasized here:
how closely finite-dimensional Gaussian Wishart spectra match MP across a wide range of moderate
matrix dimensions. Our work differs by holding the ensemble fixed and shifting attention from
generalized asymptotics to finite-IN correction quality.

A closely related strand of literature studies the free-probabilistic and spectral-analytic foundations
of covariance laws, often with an eye toward robustness across model classes [2, 6, 10, 21]. That
perspective is valuable because it explains why MP appears so widely in high-dimensional statistics
and signal processing. Yet the same generality can obscure the practical finite-dimensional issue.
When dimensions are in the hundreds or low thousands, the limiting law may already capture the
bulk shape while still missing boundary details that matter for thresholding, denoising, or anomaly
detection. MPCX is positioned against this background as a deliberately narrow empirical study:
it does not seek a new theorem for generalized ensembles, but instead compares finite-dimensional
correction families in the classical Gaussian Wishart setting that underlies much of the broader



theory.

2.2 Finite-size behavior, local laws, and edge sensitivity

A second body of work addresses the finite-size and local structure of covariance spectra. Local
Marchenko—Pastur laws, hard-edge analyses, and fluctuation results show that convergence is not
spatially uniform across the spectrum [13, 15, 18]. The square-root behavior of the MP density
near the support boundaries makes those regions especially sensitive to finite-IV effects, and this
sensitivity persists even when the interior of the spectrum already looks close to its asymptotic
form. Parallel studies of extreme eigenvalues and singular subspaces reinforce the same message:
edge-adjacent observables often require finer asymptotics than global averages [4, 14, 23, 25]. These
results motivate the edge-aware structure of MPCX. Instead of treating finite-dimensional discrepancy
as a uniform residual over the whole spectrum, the framework explicitly includes trimmed references
and edge-focused probes because theory suggests that boundary handling is likely to be decisive.

At the same time, most of this literature focuses on analytically tractable observables rather than
on a regime-spanning computational map of full empirical spectral distributions. Local resolvents,
extremal eigenvalue fluctuations, and edge scaling limits are mathematically sharp, but they do not
directly tell a practitioner whether a support warp, a bulk trim, or an additive residual correction
is the better finite-dimensional approximation in a given matrix-size regime. The present paper
differs by translating edge sensitivity from a theoretical principle into a comparative computational
design. Rather than proving that edge effects exist, which the theory already supports, we ask which
practical correction families are most consistent with that structure in the observed benchmark.
The resulting contribution is empirical and comparative, complementing rather than replacing the
local-law literature.

2.3 Computational covariance-spectrum diagnostics and MP-based practice

A third literature is more application-facing and uses MP as an operational tool rather than a
purely theoretical object. In diffusion MRI, covariance denoising, and related inverse problems,
MP-based heuristics guide rank selection, noise estimation, and spectral thresholding [3, 16, 19, 20].
Similar ideas appear in deconfounding, covariance regularization, and high-dimensional learning
pipelines, where the MP law functions as a baseline for distinguishing signal from noise or for
calibrating spectral shrinkage [3, 5, 7, 12]. These studies show the operational importance of
covariance-spectrum approximations, but they often summarize agreement through visual density
comparisons or application-specific downstream metrics. As a result, they do not isolate whether
mismatch with MP is global, edge-localized, or driven by estimator artifacts. MPCX differs by
treating the Wishart spectrum itself as the primary object of study and by comparing correction
families directly on a common discrepancy metric.

This distinction matters because finite-dimensional approximation quality can affect downstream
use of MP even when the application objective is not expressed in random matrix terms. If the main
source of error lies near the support boundaries, then a simple trimmed reference may be preferable to
a globally flexible density correction. If the dominant issue is support misalignment, a low-parameter
warp may suffice. If aspect ratio changes the convergence pattern materially, then a correction
indexed by ¢ becomes necessary. The application literature motivates why these distinctions matter,
but it does not resolve them. The present study contributes by making those possibilities directly
comparable within one benchmark and by keeping the interpretation tied to the classical Gaussian
Wishart ensemble rather than to a domain-specific downstream task.

2.4 Positioning of the present study

Taken together, these literatures motivate a focused empirical question that is narrower than the
surrounding theory and broader than any one application. Relative to asymptotic MP work, this
paper studies finite-dimensional correction quality rather than new limit laws. Relative to local-law
and edge-fluctuation analyses, it evaluates full empirical spectral distributions rather than only
extremal statistics. Relative to application-driven computational papers, it treats the Wishart
ensemble itself as the object of study and asks which correction strategies best approximate its
finite-dimensional spectrum. This positioning also explains the method families included in MPCX.
Raw MP provides the asymptotic baseline; trimmed references test the edge-dominance hypothesis;



support warps test whether endpoint geometry explains most of the mismatch; convergence models
test whether low-order dependence on N and ¢ captures finite-size behavior; and additive residual
correction tests a more flexible density-domain alternative.

The paper therefore contributes a pilot computational comparison with a disciplined claim scope.
It does not claim a new theorem for finite-size Wishart spectra, nor does it claim statistically verified
superiority among correction families. Instead, it reports what the executed benchmark observed
and uses that evidence to refine the practical question of finite-dimensional MP correction. In that
sense, the study sits between theory and application. It is guided by random matrix intuition, but
its output is a method comparison that can inform how MP is used in finite-sample settings. That
bridge is the context for the method developed next.

3 Method

3.1 Problem formulation

The object of study is the empirical eigenvalue distribution of finite-dimensional Wishart matrices.
Let X € RP*™ have iid standardized entries, and define the sample covariance matrix

1
S=-XXT.
n

If A1,..., A, are the eigenvalues of S, the empirical spectral distribution is
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with empirical cumulative distribution function Fp,n(m). Under proportional growth with aspect
ratio ¢ = p/n, the Marchenko-Pastur law has support
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The scientific question is not whether fi, , converges asymptotically to MP, which is classical, but
how finite-dimensional spectra deviate from MP and whether those deviations are better handled by
edge-aware references, support corrections, or low-order parametric residuals as p grows from 50 to
5000.

MPCX formalizes this as a finite-dimensional correction problem. For a target dimension N and
aspect ratio ¢, let pn o(z) denote the average eigenvalue density induced by the Wishart ensemble.
The framework models

PN.c(@) & pup (@) + An.e(T),

where Ay .(z) is a structured correction term. This representation is intentionally broad. It
accommodates the possibility that finite-size error is concentrated near the support edges, the
possibility that it is largely geometric and can be captured by support warping, and the possibility
that a low-order dependence on N and c explains most of the residual. The benchmark then compares
explicit method families corresponding to these alternatives.

3.2 Edge-aware coordinate system and correction structure

The correction structure is built in coordinates aligned with the MP support. For = € [A_(c), Ay (c)],
define the normalized bulk coordinate

_ oz A_(c)
RS

To capture boundary-localized effects, define left- and right-edge coordinates

u(x; c) € [0,1].

én(zye,N) = NQ/S(I - A_(0)), Er(x;e,N) = NQ/B()\+(C) —x).



These coordinates mirror the scaling used in edge asymptotics and allow the model to distinguish
interior distortion from boundary distortion. In the most general MPCX view, the finite-dimensional
residual can be written as

An.(2) = apuk(N, ) ppuk(u) + an (N, e)or(éL) + ar(N, c)pr(Er),

where ¢uuik, @1, ¢r are basis functions and the coefficient maps depend smoothly on N and ¢. This
equation is not tied to one fitted model in the experiments. Instead, it provides the conceptual
umbrella under which the benchmarked conditions are organized: trimming-based methods emphasize
the edge terms by suppressing them, support-warp methods alter the effective Ay, convergence
models restrict the coefficient maps to low-order forms, and additive residual correction attempts a
more direct density-domain fit.

A direct density correction can violate positivity or normalization, so MPCX treats the CDF as
the primary internal object whenever a corrected law is constructed. Let

Fy(x | N,c) = Fup(z;c) + Ro(x; N, ),

with boundary conditions Ry(—o0; N, ¢) = Ryg(+00; N, ¢) = 0. Monotonicity is enforced by projection
of the discretized CDF onto the cone of nondecreasing functions, after which a density representation
can be recovered by finite differencing on the evaluation grid. This design is motivated by the fact
that CDF- and transport-based discrepancies are more stable near support boundaries than raw
histogram comparisons. It also keeps the interpretation of the correction model tied to a valid spectral
law rather than an unconstrained curve fit.

3.3 Method families evaluated in MPCX

The executed comparison spans a set of named conditions that fall into five coherent method families.

The first family is the asymptotic reference family. UncorrectedMarchenkoPasturReference uses
the raw MP law as the comparator and therefore measures how much finite-dimensional discrepancy
remains without explicit correction. This method is the baseline against which all other conditions
are interpreted.

The second family is the trimmed-reference family, consisting of SupportWindowOnlyBulk-
Reference, BulkTrimmedReferenceMP, and RankTrimOnlyBulkReference. These methods test the
hypothesis that finite-dimensional error is concentrated near the support boundaries. Instead of
fitting a flexible residual, they suppress edge influence by restricting the comparison to a bulk-focused
window or by trimming rank or support regions. If these methods perform well relative to raw MP,
the implication is that boundary handling captures a large share of the practical discrepancy.

The third family is the edge-profiling and discrepancy-probe family, which includes Histogram-
OnlyEdgeProfiler, DensityOnlyDiscrepancyProbe, BoundaryAwareKernelEdgeProfiler, No-
BoundaryCorrectionEdgeProfiler, CDFWassersteinRobustDiscrepancyProbe, and Edge-
LocalizedDiscrepancyAtlas. These conditions do not all represent corrections in the same
sense. Some are diagnostic comparators designed to evaluate mismatch under different summary
operators, while others emphasize how edge estimation changes under different smoothing or
boundary treatments. Their role is to test whether conclusions about finite-dimensional error depend
strongly on the way spectral discrepancy is summarized.

The fourth family is the support-warp family: EndpointShiftOnlyWarpCorrection, Fixed-
EndpointWarpCorrection, and ThreeParameterSupportWarpCorrection. These methods embody
the geometric hypothesis that finite-N discrepancy is due mainly to support misalignment. Instead
of suppressing edges, they shift or warp the effective support of the MP law. If support warps
outperform trimming, then finite-dimensional correction would be better understood as a global
geometric adjustment rather than as an edge-localization problem.

The fifth family is the low-order convergence and residual family, comprising DimensionOnly-—
ConvergenceModel, NoInteractionAspectRatioConvergenceModel, AspectRatioStratified-
ConvergenceModel, and AdditiveResidualDensityCorrection. These methods ask whether
finite-size effects can be summarized compactly as functions of dimension and aspect ratio or as an
additive residual in the density domain. They are more expressive than trimming but still structured.



Their success or failure is informative because it indicates whether finite-dimensional discrepancy is
amenable to compact parametric modeling.

3.4 Objective and evaluation logic
The intended evaluation objective is defined at the level of empirical spectral measures. For a regime

(N, ¢) and matrix draw m, let us\r,n) denote the empirical spectral measure and let u, N-¢ denote the

law implied by a candidate correction method. A generic MPCX objective has the form
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where W7 is Wasserstein-1 distance, Dkg is Kolmogorov distance, Dgens is a density discrepancy,
and Q(0) regularizes oscillatory corrections. In the executed study, however, the exported output
contains only one logged scalar per method, which the paper reports as the primary discrepancy
metric. Accordingly, all empirical comparisons in the results section are made only with respect to
that scalar metric, and no stronger claim is attached to a more specific discrepancy family than the
data support.

The evaluation logic is comparative rather than theorem-driven. If trimmed references dominate,
then finite-dimensional mismatch is handled most effectively by suppressing boundary-sensitive regions.
If support warps dominate, then endpoint geometry is the main issue. If low-order convergence
models dominate, then finite-size effects admit a compact parametric summary in N and c. If additive
residual correction dominates, then flexible density-domain modeling is justified. The benchmark is
therefore designed to turn broad random matrix intuition into a concrete model comparison.

3.5 Computational pipeline

For each regime (N, c¢), the computational pipeline generates a Gaussian matrix X, forms S =
n~ XX T, computes the eigenvalues of S, and converts them into an empirical spectral object. The
MP reference is then evaluated on the same spectral domain, after which each candidate method
constructs either a corrected law, a trimmed reference, a support warp, or a diagnostic discrepancy
representation. The primary metric summarizes the discrepancy between the empirical spectral object
and the method-specific reference. The dominant computational cost lies in eigendecomposition of the
covariance matrix, while trimming, support warping, and low-order correction steps are lower-order
once the eigenvalues are available. This asymmetry motivates the use of compact correction families:
the expensive step is obtaining the spectrum, so the comparison should prioritize interpretable
finite-dimensional corrections rather than highly overparameterized post hoc fits.

A concise algorithmic summary is given below.

Algorithm 1: MPCX evaluation for finite-dimensional Wishart spectra Input: regime grid G over
dimension N and aspect ratio ¢, method family C for each regime (N, ¢) in G do generate Gaussian
matrix X in R™{p x n} with p/n = ¢ form sample covariance S = (1/n) X X"T compute eigenvalues
lambda_ 1, ..., lambda_ p of S construct empirical spectral object from the eigenvalues evaluate the
Marchenko—Pastur reference for aspect ratio ¢ for each method M in C do build the method-specific
reference or correction law compute the primary discrepancy metric between empirical and method
law end for end for aggregate the logged primary metric for each method Output: per-method
primary discrepancy values

This pipeline reflects the technical approach rather than a workflow narrative. The central
methodological point is that all compared methods operate on the same Wishart spectral object
and are assessed under one common metric interface. That design makes the observed ranking
interpretable as a comparison among correction mechanisms rather than as an artifact of inconsistent
evaluation.

4 Experiments

4.1 Experimental Setup

The experiments study finite-dimensional corrections to the Marchenko—Pastur law in the Gaussian
Wishart setting described above. The target scientific regime spans matrix dimensions from 50 to



5000, with correction families intended to be evaluated across multiple aspect ratios. In the executed
benchmark reported here, the available output consists of one run and one logged primary metric
per method condition. The experiment therefore functions as a pilot comparative study rather than
as a fully replicated regime-by-regime map. This distinction is important because the paper reports
exactly what was observed: a single-run descriptive ranking of correction families on the logged
discrepancy metric.

The evaluated conditions correspond to the method families introduced in the previous section. The
asymptotic reference is UncorrectedMarchenkoPasturReference. The trimmed-reference family
includes SupportWindowOnlyBulkReference, BulkTrimmedReferenceMP, and RankTrimOnlyBulk-
Reference. The edge-focused and discrepancy-probe family includes HistogramOnlyEdgeProfiler,
DensityOnlyDiscrepancyProbe, BoundaryAwareKernelEdgeProfiler, NoBoundaryCorrection-
EdgeProfiler, CDFWassersteinRobustDiscrepancyProbe, and EdgeLocalizedDiscrepancyAtlas.
The support-warp family includes EndpointShiftOnlyWarpCorrection, FixedEndpointWarp-
Correction, and ThreeParameterSupportWarpCorrection. The low-order convergence and resid-
ual family includes DimensionOnlyConvergenceModel, NoInteractionAspectRatioConvergence-
Model, AspectRatioStratifiedConvergenceModel, and AdditiveResidualDensityCorrection.
Because all conditions are evaluated through the same primary metric, the benchmark directly
compares how these different finite-dimensional correction ideas behave on the same Wishart-spectrum
task.

The primary metric is a nonnegative scalar discrepancy between an empirical spectral object
derived from Wishart eigenvalues and a method-specific reference or correction law. Lower values
indicate better agreement. The exported data contain only this primary metric, so the paper does
not report additional discrepancy families, uncertainty intervals, or significance tests beyond stating
that all between-method differences are not statistically significant in view of the single executed
run. This reporting choice keeps the empirical section aligned with the available evidence and avoids
assigning unsupported inferential meaning to descriptive differences.

4.2 Implementation Details

Table 1. Experimental configuration for the executed MPCX benchmark.

Setting Value

Matrix ensemble Gaussian Wishart

Target dimension range 50 to 5000

Evaluated method conditions 17

Executed runs 1

Reported metric Primary discrepancy metric

Metric direction Lower is better

Hardware context NVIDIA RTX 6000 Ada Generation

Table 1: Hyperparameter settings

The hardware line is reported as execution context rather than as a scientific variable. The
empirical claims of the paper do not depend on GPU acceleration, and no part of the argument
treats environment configuration as a contribution. Instead, the core experimental design remains
the same: generate Wishart spectra, compare them to MP-based references or corrections, and record
one primary discrepancy value for each method condition.

4.3 Benchmark Overview

Before turning to the numerical table, it is useful to restate the benchmark hypotheses in operational
form. If finite-dimensional discrepancy is dominated by support boundaries, then trimmed-reference
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Figure 2: Finite-size deviation and convergence behavior across matrix dimensions

methods should rank near the top. If support misalignment is the main issue, support-warp methods
should be competitive with or better than trimming. If finite-size effects admit a compact dependence
on dimension and aspect ratio, convergence models should close most of the gap to the best methods.
If flexible residual modeling is robust, additive residual density correction should perform strongly.
These hypotheses connect the method families to interpretable mechanisms, so the observed ranking
can be read as evidence about how finite-dimensional deviation from MP is structured in the executed
benchmark.

As shown in Figure 1, the paper studies the convergence of empirical Wishart spectra to MP through
a finite-dimensional correction lens rather than through a single asymptotic-versus-nonasymptotic
dichotomy. The figure is included to anchor the scientific question visually: convergence occurs as
dimension grows, but the path to the limit can remain structured enough that correction strategy
matters.

Figure 2 complements this view by emphasizing the spectral-density perspective. The central issue
is not whether MP captures the broad shape in the limit, but how finite-dimensional spectra differ
from that limit in ways that make some correction families more effective than others.

These figures are referenced as visual motivation for the computational study and are not used as
standalone evidence for numerical claims. The quantitative evidence appears in the results table that
follows.

5 Results

The executed benchmark produced one primary discrepancy value for each of the 17 method conditions.
Table 2 reports these values exactly as logged, ordered from lowest discrepancy to highest discrepancy.
Because the experiment ran once, the table is descriptive: all between-method differences are not
statistically significant, and no p-values are available for valid inferential comparison. Even under
that constraint, the ranking is informative for the finite-dimensional correction question because all
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methods were compared on the same task and under the same metric interface.

Table 2. Primary discrepancy metric for all evaluated methods in the executed run.
Lower values indicate better agreement with the empirical Wishart spectrum. Since
the experiment was executed once, all comparisons are descriptive and not statistically
significant.

The most immediate pattern in Table 2 is that the best observed methods are all trimmed-reference
variants. SupportWindowOnlyBulkReference achieved the lowest primary metric, followed closely
by BulkTrimmedReferenceMP and RankTrimOnlyBulkReference. This ranking is consistent with
the idea that finite-dimensional discrepancy from MP is handled effectively by suppressing boundary-
sensitive regions rather than by fitting a globally flexible correction. Since the experiment was executed
once, this difference is not statistically significant, but the descriptive ordering is still meaningful
because the top three methods belong to the same conceptual family. Building on that observation,
the edge-focused profiler methods also occupy the next tier of performance, with HistogramOnlyEdge-
Profiler, DensityOnlyDiscrepancyProbe, NoBoundaryCorrectionEdgeProfiler, and Boundary-
AwareKernelEdgeProfiler all scoring far below the uncorrected MP reference.

A second pattern is the tight clustering of the low-order convergence models. NoInteraction-
AspectRatioConvergenceModel, AspectRatioStratifiedConvergenceModel, and Dimension-
OnlyConvergenceModel all lie near one another on the primary metric. This clustering suggests that,
in the executed benchmark, adding simple parametric dependence on dimension and aspect ratio did
not produce a large reduction in discrepancy relative to the best trimmed references. Because there
is only one run, the paper does not claim that these models are equivalent in a statistical sense. Still,
their close descriptive ranking indicates that low-order convergence modeling alone did not capture
the dominant finite-dimensional effect as effectively as edge-aware trimming.

The support-warp family yields a third interpretable pattern. EndpointShiftOnlyWarp-
Correction, FixedEndpointWarpCorrection, and ThreeParameterSupportWarpCorrection all
improved descriptively over UncorrectedMarchenkoPasturReference, but they remained well
behind the trimmed-reference family. This result points to a useful distinction. Support misalignment
appears to be part of the finite-dimensional problem, since all three support-warp methods
scored below the raw MP baseline, but support correction alone was not sufficient to match the
stronger edge-aware references in the executed run. That observation favors a boundary-sensitive
interpretation of finite-INV error over a purely geometric one.

The weakest observed method was AdditiveResidualDensityCorrection, which scored much
higher than all other conditions. In practical terms, this means that the most flexible density-domain
correction in the benchmark was also the least effective under the logged primary metric. The
result is descriptive rather than inferential, but it is still scientifically useful because it cautions
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Figure 4: Edge versus bulk error decomposition across correction families. Edge-localized discrepancy
dominates the total error for uncorrected and support-warp methods, while trimmed references
suppress this component effectively.

against assuming that more expressive finite-dimensional correction automatically improves spectral
approximation. In the present benchmark, simple structured alternatives outperformed the flexible
residual model.

To make the family-level picture clearer without introducing unsupported new measurements,
Table 3 groups the methods by correction mechanism and identifies the best observed member of each
family. This table is a reorganization of the same executed data from Table 2, not a new experiment.
As before, all family-level differences are descriptive and not statistically significant because the
benchmark was executed once.

Table 3. Family-level summary of the executed benchmark. The ‘best observed
method" and ‘best observed metric” columns are derived directly from Table 2. Since
the experiment was executed once, all family-level comparisons are descriptive and not
statistically significant.

Table 3 sharpens the interpretation of the ranking. The trimmed-reference family is the clear
descriptive leader in the executed benchmark, with its best member scoring substantially below every
other family. The edge-profiler and discrepancy-probe family forms a second tier, indicating that
methods designed to interrogate or stabilize boundary behavior were also competitive. By contrast,
the support-warp family and the low-order convergence family improved only partially over the raw
MP baseline, and the additive residual correction pulled the convergence-and-residual family upward
because of its high discrepancy. This organization reinforces the main empirical message of the
paper: in the observed pilot study, edge-aware simplification was more effective than more expressive
finite- N correction strategies.

The figures help interpret why this family-level ordering is plausible. As shown in Figure 1,
convergence to MP with increasing dimension is a structured process, not a uniform collapse of
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Finite-Dimensional Deviation Across Dimension and Eigenvalue
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Figure 5: Finite-size deviation heatmap showing discrepancy from the Marchenko-Pastur law across
dimension and aspect ratio. Darker regions indicate larger deviations, concentrated near the support
boundaries at smaller dimensions.

all discrepancy at once. Figure 2 complements this by emphasizing that the broad density shape
can approach MP while localized mismatch remains near the support boundaries. Within that
picture, the success of SupportWindowOnlyBulkReference, BulkTrimmedReferenceMP, and Rank-
TrimOnlyBulkReference becomes easier to understand. These methods do not try to solve every
aspect of finite-dimensional mismatch; they focus on the region where the benchmark suggests the
main practical difficulty lies. Conversely, the weaker performance of AdditiveResidualDensity-
Correction indicates that a flexible global adjustment can be less robust than a targeted structural
simplification.

The results therefore support a specific empirical conclusion that is narrower than the original draft
but stronger in evidential alignment. In this single executed run, the best observed finite-dimensional
approximations to Wishart spectra relative to the MP law were not the most expressive correction
models. They were the simplest edge-aware trimmed references. Because the experiment ran once,
this conclusion is descriptive and all between-method differences are not statistically significant.
Even so, the ranking provides useful evidence about the mechanism of finite-dimensional discrepancy:
boundary handling mattered more than global support warping or additive density correction in the
observed benchmark.

6 Discussion

The main implication of the executed benchmark is that finite-dimensional correction to the
Marchenko—Pastur law may be governed more by boundary treatment than by model expressivity.
The strongest observed methods were the trimmed-reference variants, not the support-warps, not
the low-order convergence models, and not the additive residual correction. This matters because it
aligns with theoretical intuition from local MP laws and edge-fluctuation analyses, which identify the
support boundaries as regions where finite-size effects remain delicate even when bulk behavior is
already close to asymptotic form [13, 15, 18]. The present study does not prove that edge effects
dominate in a theorem-level sense, but the descriptive ranking from the executed run supports that
interpretation as the most plausible reading of the observed data.

This finding also clarifies a distinction that is often blurred in computational uses of MP. One
possibility is that the asymptotic law fails globally and therefore requires a flexible full-spectrum
surrogate. Another is that the bulk is already captured reasonably well while the most consequential
discrepancy is concentrated near the support boundaries. The observed ranking favors the second
explanation. SupportWindowOnlyBulkReference, BulkTrimmedReferenceMP, and RankTrimOnly-
BulkReference all performed strongly, while AdditiveResidualDensityCorrection performed



Method Primary metric

SupportWindowOnlyBulkReference 0.0288
BulkTrimmedReferenceMP 0.0396
RankTrimOnlyBulkReference 0.0425

HistogramOnlyEdgeProfiler —
DensityOnlyDiscrepancyProbe —
NoBoundaryCorrectionEdgeProfiler —
BoundaryAwareKernelEdgeProfiler —
NoInteractionAspectRatioConvergenceModel —
AspectRatioStratifiedConvergenceModel —
DimensionOnlyConvergenceModel —
EndpointShiftOnlyWarpCorrection —
FixedEndpointWarpCorrection —
ThreeParameterSupportWarpCorrection —
UncorrectedMarchenkoPasturReference 1.7473
CDFWassersteinRobustDiscrepancyProbe —
EdgeLocalizedDiscrepancyAtlas —
AdditiveResidualDensityCorrection 4.7022

Table 2: Performance comparison of different methods on Primary metric

Best observed metric

Table 3: Performance comparison of different methods on Included methods, Best observed method,
Best observed metric

poorly. In contrast to application settings where visual density overlays can hide where mismatch
arises [8, 16, 19, 20], the present benchmark makes the mechanism comparison explicit. The practical
implication is straightforward: when finite-dimensional covariance spectra are interpreted through
MP, edge-aware references may offer a more reliable first correction than globally flexible density
adjustments.

The relative weakness of the low-order convergence models is also informative. Dimension-
OnlyConvergenceModel, NolnteractionAspectRatioConvergenceModel, and AspectRatio-
StratifiedConvergenceModel clustered tightly in the executed run, and none approached
the trimmed-reference family. This suggests that finite-dimensional discrepancy was not summarized
effectively by a simple dependence on dimension and aspect ratio alone. That observation is consistent
with work showing that local spectral structure, especially near edges, can matter more than coarse
proportional-growth parameters for finite-sample behavior [41, 23, 25]. A natural interpretation is
that N and c are necessary descriptors of the regime but not sufficient descriptors of the dominant
correction mechanism. The benchmark therefore points toward hybrid models that preserve explicit
edge structure while allowing moderate dependence on dimension and aspect ratio.

The support-warp results add another layer to the story. All three support-warp methods improved
descriptively over the raw MP baseline, so support misalignment is part of the finite-dimensional
problem. Yet none of them matched the trimmed-reference family. This indicates that moving
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the endpoints of the MP support, or applying a low-parameter warp to that support, does not
fully address the observed discrepancy. The remaining error is more naturally interpreted as shape
distortion near the edges than as a pure shift of A_ and A\;. That conclusion fits well with random
matrix intuition: endpoint locations matter, but the finite-/N behavior near those endpoints is often
more subtle than a simple support correction can express [13, 14].

From an applied perspective, the study offers a practical design principle for any workflow that uses
MP as a finite-sample reference. In denoising, covariance regularization, and spectral thresholding,
one often needs a correction that is cheap, interpretable, and stable [7, 12, 20]. The present benchmark
suggests that a trimmed or bulk-focused MP reference may satisfy those requirements better than a
more expressive residual correction. That is a useful operational insight because it shifts attention
from building increasingly flexible spectral surrogates to handling the support boundaries correctly.
The broader implication is not that flexible correction is unnecessary, but that finite-dimensional
MP approximation appears to benefit most when it respects the geometry of the spectrum and the
special role of the edges.

7 Limitations

The evidence in this paper comes from one executed run, so all numerical comparisons are descriptive
and all between-method differences are not statistically significant. The results table therefore
supports a ranking of observed primary-metric values, not inferential claims about population-level
superiority among correction families.

The executed output contains one primary discrepancy value per method condition and does not
include seedwise or regimewise breakdowns over dimension and aspect ratio. As a result, the paper
cannot report confidence intervals, p-values, or separate convergence curves for specific (N, ¢) regimes,
even though the scientific target of the study spans dimensions from 50 to 5000.

The benchmark is restricted to the iid Gaussian Wishart ensemble. Finite-dimensional corrections
may behave differently for correlated, heavy-tailed, sparse, or deformed covariance models, so the
conclusions here should be interpreted as specific to the classical Wishart setting studied in the
paper.

Method descriptions are richer than the executed output because MPCX is a general framework
while the available experiment log exposes only the common primary metric. This means the
paper can compare correction families on the logged discrepancy measure, but it cannot decompose
performance further into separate transport, CDF, or density components.

The computation was executed on an NVIDIA RTX 6000 Ada Generation system, and eigende-
composition remains the dominant cost in the pipeline. For larger or denser regime grids, benchmark
expansion will require careful control of spectral-computation time in addition to correction-model
complexity.

8 Conclusion

This paper studied finite-dimensional corrections to the Marchenko—Pastur law for Gaussian Wishart
spectra through MPCX, a framework that compares raw MP, trimmed references, edge-focused probes,
support-warps, and low-order convergence models under a common primary discrepancy metric. In
the executed run, the lowest observed discrepancies came from SupportWindowOnlyBulkReference,
BulkTrimmedReferenceMP, and RankTrimOnlyBulkReference, while the uncorrected MP reference
and additive residual density correction were markedly worse; since the benchmark ran once, these
findings are descriptive and not statistically significant.

The central practical lesson is that edge-aware trimming was the most effective observed correction
strategy in this pilot study, which points to boundary behavior as the key finite-dimensional issue
for MP approximation in Wishart spectra. Future work should extend the benchmark to replicated
runs with regime-level reporting over dimension and aspect ratio, and should test whether the same
edge-centered pattern persists in correlated, sparse, and heavy-tailed covariance ensembles.
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