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BEYOND MODERN PORTFOLIO THEORY: DEEP LEARNING FOR NOISE-
RESILIENT ASSET ALLOCATION

The paper presents a comprehensive investigation into the integration of Deep Learning architectures with Random Matrix
Theory to address the curse of dimensionality and estimation noise in Modern Portfolio Theory. Classical Mean-Variance Optimization
relies on the sample covariance matrix, which, in high-dimensional financial settings where the number of assets is comparable to the
observation period, becomes inherently unstable due to the spreading of eigenvalues. This study proposes a novel Neural-Nonlinear
Shrinkage framework. It leverages Denoising Autoencoders and 1D-Convolutional Neural Networks to extract latent risk factors from
raw return series, effectively filtering out the Marchenko-Pastur noise that typically plagues empirical financial data. The research
bridges the gap between spectral analysis of random matrices and the non-linear feature extraction capabilities of deep architectures
by providing a robust preprocessing pipeline for financial time series. The purpose of the work is to operationalize a robust covariance
estimation pipeline that outperforms traditional shrinkage methods like Ledoit-Wolf by capturing non-linear tail dependencies and
time-varying volatility clusters. The study aims to determine if neural-regularized matrices lead to more stable, efficient frontiers and
lower turnover costs in rebalancing compared to standard statistical estimators. The methodology encompasses formalizing the noise-
to-signal ratio in high-dimensional financial data, applying the Marchenko-Pastur law to identify the noise bulk in empirical return
distributions, implementing a Bottleneck Autoencoder to compress n-dimensional returns into a lower-dimensional manifold of clean
risk factors, and performing comparative back-testing using Quadratic Programming to solve for minimum variance and maximum
Sharpe ratio portfolios across different market cycles. The scientific novelty. For the first time, the study formalizes a Spectral-Loss
Function for Autoencoders, which penalizes the reconstruction not just on Mean Squared Error, but on the deviation of the resulting
covariance matrix's condition number from theoretical stability bounds. This physics-informed approach to Al ensures that the mode/
respects the mathematical constraints of positive semi-definiteness in financial matrices. The practical value lies in providing
quantitative hedge funds and institutional asset managers with a defensible, automated pipeline for large-scale portfolio construction.
It significantly reduces weight flipping and improves out-of-sample risk-adjusted returns by mitigating the impact of outliers and
reducing the optimization engine's sensitivity to small changes in input data. Conclusions: Effective portfolio optimization in modern
markets requires moving beyond static historical averages. The results demonstrate that neural-regularized portfolios achieve a
significant reduction in realized volatility compared to standard Mean-Variance Optimization. By cleaning the covariance matrix through
a deep-learning lens, the study transforms theoretical models into robust, production-ready tools for high-dimensional finance.

Keywords: portfolio optimization, deep learning, random matrix theory, covariance estimation, denoising autoencoders,
spectral analysis.

JIATIIH Makcum

BinbHIOCHKHH TeXHIYHUI yHiBepcuTeT iMeHi ['eanminaca

IMO3A MEXKAMH CYYACHOI HOPT®EJBHOI TEOPIi: T/ITMBUHHE HABUAHHSA
JIJIA ITYMOCTIMKOT'O PO3MOALITY AKTHUBIB

Y cTarTi NpeqcTaBneHo KOMITIEKCHE AOCTIWKEHHS HTErpauii apXiTekTyp IMOMHHOro HaBYaHHs 3 TEOPIED BUIaAKOBUX
MatTpuLb 3 METOK 1040NIaHHS MPOKASTTS PO3MIPHOCTI Ta LWyMy OLIHIOBAHHS B Cy<acHii Teopii noprgens. KnacuyHa cepeqHbo-
ANCIEPCIVIHE OnTUMI3aLis Ba3yETbCS HA BUBIDKOBIVI KOBapiaLiviHivi MaTpuLi, sika B yMOBAax BUCOKOI PO3MIPHOCTI @iHaHCOBUX AaHNX
CTAE HECTIVIKOIO YEPE3 PO3CIHOBAHHS BJIACHNX 3HAYEHb. 3arporoHoBaHo Hosmi nigxia Neural-Nonlinear Shrinkage, 1o noegHye
AEHOU3MHIOBI aBTOKOAEPY Ta OLHOMIPHI 3rOPTKOBI HEVPOHHI MEDEXI A/1S BUJTYYEHHS JIATEHTHUX QaKTOPIB PU3NKY 3 YacoBuX PSgiB
AoxigHocted Ta @ineTpadii wymy MapyeHka—IllacTypa, NPpUTaMaHHOO EMITIPUYHMM  DIHAHCOBUM JaruM. MeTo pobotu €
OrepaLfoHai3aLis CTIIKOrO KOHBEEPA OLIHIOBAHHS KOBapIaUiviHOI MaTpuLi, SKuv MEPEBEPLLYE TPaANLIMIHI METOAN CKOPOYEHHS],
30Kkpema Ledoit-Wolf, 3a paxyHOK ypaxyBaHHS HEIHIMHUX XBOCTOBUX 3a/IEKHOCTEN Ta YacOBO-3MiHHUX K/IACTEPIB BOSIATH/IBHOCTI.
HOCTKYETBCS, Y MPU3BOAUTL HEUPOHHO-PErY/ISPU30BaHa KOBapIaLiviHa MaTpuLs A0 CTaGIIbHILLMX €PEKTUBHUX MEX Ta SHUKEHHS
BUTPAT Ha NepebaiaHCyBaHHs nopTeesns. MeTogosoria BKIOYAE POpMasIi3aLito CriiBBIAHOLIEHHS LLYM—CUIHaS Y BUCOKOPO3IMIDHNX
@IHaHCOBUX AaHnX, 3aCTOCYBaHHS 3aKoHy MapyveHka—IlacTypa A5 [AeHTuikadii LyMoBOro CriekTpa y BuOIDKOBUX pPO3II0[iNax
JOXIAHOCTEY, BUKOPUCTAHHS aBTOKOAEPA 3 BY3bKWUM rOp/IOM U1 POEKUIT N-BUMIDHUX AOXIAHOCTEH Y HUILKOBUMIPDHMY MPOCTID
OYNLLEHNX PAKTODIB PUNKY, @ TAKOXK MOPIBHS/IbHE BEKTECTYBAHHS MOPTHENIB MIHIMA/IbHOI AUCTIEDCII Ta MAKCUMA/IbHOro Koe@ilieHTa
Lllapnia i3 3aCTOCyBaHHSIM KBAAPAaTUYHOIO MPOrpamMyBaHHs B Pi3HUX (a3ax PUHKOBUX UNKIIIB. HayKoBa HOBU3HA IMOJISIrae B TOMY, L0
Briepie 3arnporioHOBaHO CrIEKTPasbHy @yHKUYIlO BTPar A5 AaBTOKOAEPIB, 5Ka LTPaQye PEKOHCTPYKUiD HE Jmwe 3a
CEPEAHBOKBAAPATUYHY TOXUOKY, a 1 33 BIAXWIEHHS Y1C/1a 0BYMOB/IEHOCTI KOBapIaLiViHOI MaTpuLi Bifj TEOPETUYHMX MEX CTaOITLHOCTI,
Takui  @i3ndHO O6rpYHTOBaHMA 1iaxia A0 LUTYYHOrO IHTENEKTY 3a6e3reyye [OTPUMAHHS MaTeMatuyHux BUMOI [OAaTHOI
HariBBU3HAYEHOCTI (iHaHcoBux Matpuub. [IPaKTUYHE LIHHICTb [10/1ra€ Yy CTBOPEHHI aBTOMATU30BaHOr0 T1a OOrpyHTOBaHOro
IHCTPYMEHTAPIO A/1S KIfIbKICHUX XELX-QIOHAIB [ IHCTUTYLIIVIHUX KEDYIOYMX aKTUBAMY, SKUM 3MEHLLYE HECTAOIIbHICTL Bar MopTgers,
OKpaLLy€E r103aBUBIPKOBY AOXIAHICTb 3 ypaxyBaHHIM PUMKY Ta 3HWKYE YyT/MBICTb ONTUMI3ALIVIHUX a/IrOPUTMIB O HE3HAYHUX 3MIH
BX[HUX A3HNX. BUCHOBKW. EGeKTvBHa OnTvuMi3alis rnopreesis B Cy4acHux @IHaHCOBUX PUHKAX MOTPEBYE BIAXOAY Bid CTaTUYHUX
fcTopmyrnx oLiHOK. OTpUMaHi pe3y/ibTaTv JEMOHCTPYIOTb, LLYO HEVDOHHO-PErYISPpU30BaHi NOPTEEs 3a6E3M1e4ytoTb CYTTEBE SHIKEHHS
Peasi308aHoi BOSIATUIILHOCTI MOPIBHSHO 3 CTAHAGPTHOK CEPEAHBO-ANCTIEPCIHIHOK ONTUMIZALIERD. OYMLLYEHHS KOBAapIaLiviHOI MaTpuLi
33 [0roMOror /IMOMHHOrO HaBYaHHS TPAHCEOPMYE TEOPETUYHI MOAET B HALIWIHI [HCTDYMEHTHU MPaKTUYHOIO 3aCTOCYBaHHS Y
BUCOKOPO3MIPHUX QDIHAHCAX.
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RELEVANCE OF THE PROBLEM

Portfolio construction in equity and multi-asset markets relies on estimates of expected returns and
covariances. Empirical evidence shows that estimation error in covariances dominates portfolio risk when the number
of assets approaches the length of the time series. In such settings, the sample covariance matrix becomes ill-
conditioned and leads to unstable weights, excessive leverage, and high turnover. Random Matrix Theory explains
this behavior by showing that most empirical eigenvalues fall into a noise bulk described by the Marchenko-Pastur
distribution [1]. Classical linear shrinkage methods stabilize estimation but ignore non-linear dependence and regime
changes. At the same time, deep learning models have shown a strong ability to extract latent structure from noisy
data, yet their use in covariance estimation remains limited. Bridging these two strands addresses a practical and
unresolved problem in quantitative asset management.

ANALYSIS OF RECENT STUDIES AND PUBLICATIONS

Early work on noise in correlation matrices demonstrated that a large fraction of empirical eigenvalues
contains no economic information [1]. Subsequent studies linked this finding to portfolio instability and proposed
eigenvalue clipping and filtering techniques [2], [3]. Linear shrinkage estimators provided a statistically grounded
solution by shrinking the sample covariance toward a structured target [4]. Empirical asset pricing studies later showed
that machine learning models can uncover non-linear return predictors in high dimensions [5]. In portfolio
construction, deep architectures have been applied directly to weight prediction or utility maximization [6], [7]. Ata
practical level, these advances have been operationalized through open-source implementations of classical and
modern portfolio optimization techniques, such as PyPortfolioOpt [8], which integrates shrinkage estimators, efficient
frontier methods, and factor models into a unified Python framework. Lopez de Prado emphasized the importance of
cleaning correlation matrices and avoiding overfitting when using machine learning in finance [9], [10]. Industry
reports document growing adoption of machine learning for portfolio management and risk control [11], [12].
However, existing approaches either rely on purely statistical shrinkage or treat neural networks as black-box
optimizers. A unified framework that embeds Random Matrix Theory constraints into deep learning remains
underdeveloped.

PURPOSE OF THE ARTICLE

The purpose of this article is to design and test a covariance estimation pipeline that combines Random
Matrix Theory with deep neural networks. The study seeks to determine whether neural denoising guided by spectral
theory produces covariance matrices that are better conditioned, more stable across samples, and more effective for
portfolio construction than classical estimators. The analysis focuses on minimum variance and maximum Sharpe
ratio portfolios and evaluates stability, realized volatility, and turnover.

Presentation of the Main Research Material.
Let r € RVdenote the vector of asset returns at time t. The sample covariance matrix is given by

1T 1
S=g. (re=Dr =T @

When N /T is not small, eigenvalues of S follow the Marchenko-Pastur distribution with upper bound

A, =0*(1+.,/N/T)? (2

Eigenvalues below this bound largely represent noise [1]. Classical shrinkage replaces S with a convex
combination of a target matrix [4].

In the proposed framework, raw returns are passed through a denoising autoencoder with a bottleneck
dimension K much smaller than N. The encoder learns latent factors z, = fy(7;). The reconstructed returns 7, =
9¢(Z;) produce a clean covariance matrix Zp; .

The loss function augments mean-squared reconstruction error with a spectral penalty:

L=lr,—7 1>+ a(x(Zp,) — k)? 3)

where k denotes the condition number and k* is derived from Random Matrix Theory bounds.
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Table 1 reports average condition numbers for different estimators across simulated high-dimensional

datasets.
Table 1
Average condition numbers of covariance estimators
Estimator N=50 N=100 N=200
Sample covariance 1.8e4 6.2e4 2.1e5
Ledoit-Wolf 320 540 880
Neural-RMT 140 210 360
Portfolio weights are obtained by solving the quadratic program
min,, w'Ew subjectto 1w =1 4)

Backtests use rolling windows across multiple market regimes, as suggested in empirical studies [13], [14].
Table 2 summarizes out-of-sample realized volatility for minimum variance portfolios.

Table 2
Annualized realized volatility
Estimator Volatility
Sample covariance 14.8%
Ledoit—Wolf 11.2%
Neural-RMT 9.6%

To visualize eigenvalue cleaning, Figure 1 plots empirical eigenvalue spectra before and after neural
denoising.
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Fig. 1. Eigenvalue spectrum of the sample covariance matrix and the Neural-RMT cleaned covariance matrix

Turnover is measured as the average absolute change in weights between rebalancing dates. Table 3 reports
the results.

Table 3
Average monthly turnover
Estimator Turnover
Sample covariance 38%
Ledoit—Wolf 21%
Neural-RMT 14%
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RESULTS AND DISCUSSION

The results show that neural-regularized covariance matrices achieve lower condition numbers and tighter
eigenvalue spectra than both the sample covariance and linear shrinkage. This translates directly into more stable
portfolio weights and lower turnover. The reduction in realized volatility remains consistent across simulated and
empirical datasets, aligning with findings that instability in covariance estimation drives poor out-of-sample
performance [2], [15]. Unlike purely statistical shrinkage, the neural approach captures non-linear dependence patterns
and volatility clustering, which are documented features of financial returns [5]. Compared to end-to-end deep
portfolio methods, the proposed pipeline remains interpretable and respects positive semi-definiteness constraints
emphasized in Random Matrix Theory.

CONCLUSIONS
The study demonstrates that combining deep learning with Random Matrix Theory yields a practical solution
to covariance estimation in high-dimensional portfolios. Neural denoising guided by spectral constraints produces
better conditioned covariance matrices, more stable efficient frontiers, and lower realized risk. The evidence suggests
that cleaning the covariance matrix before optimization is more robust than directly predicting portfolio weights.
These findings support the view that deep learning should complement, not replace, financial theory in portfolio
construction.

PROSPECTS FOR FURTHER RESEARCH
Future research may extend the framework to time-varying spectral targets and regime-dependent
architectures. Another direction involves integrating tail risk measures and stress scenarios into the spectral loss.
Applications to multi-asset portfolios and intraday data also merit further empirical investigation.
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