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Abstract

Synthetic financial data provides a practical solution to the pri-
vacy, accessibility, and reproducibility challenges that often constrain
empirical research in quantitative finance. This paper investigates the
use of deep generative models, specifically Time-series Generative Ad-
versarial Networks (TimeGAN) and Variational Autoencoders (VAESs)
to generate realistic synthetic financial return series for portfolio con-
struction and risk modeling applications. Using historical daily returns
from the S and P 500 as a benchmark, we generate synthetic datasets
under comparable market conditions and eva

1 Introduction

This paper examines: Deep Generative Models for Synthetic Financial Data:
Applications to Portfolio and Risk Modeling. Research question: How do
TimeGANs and VAEs scale with increasing time-series length in terms of
generation quality (measured by KID score) and training efficiency (mea-
sured by time per epoch) on large-scale financial datasets like QuantStack?.

2 Methodology

Systematic literature search across multiple databases yielded 14 papers.
Claims were extracted from source material and verified against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 8.1/10.

3 Results

14 papers retrieved. 16 claims extracted; 14 independently verified. Quality
review score: 8.1/10.



4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and verification may introduce
errors or omissions. Review scores reflect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.






5 Extracted Claims

Claim Verified Confidence
The study evaluates synthetic financial data us- v 0.18
ing three dimensions: Fidelity, Utility, and Ro-

bustness.

Fidelity measures how closely synthetic series v 0.24

replicate statistical and temporal characteristics

of real returns, inclu

Utility quantifies the effectiveness of synthetic v 0.24
data in downstream tasks by comparing perfor-

mance metrics (expected re

Robustness evaluates the stability of synthetic v 0.20
datasets across different market regimes, random

seeds, or input perturb

The study adopts the classical mean-variance v 0.23
optimization framework extended to a multi-

asset synthetic dataset scenario

The optimization problem minimizes portfolio X 0.12
variance (w$\Sigma$w) subject to constraints

on expected return (w$\mu$ — $\muS$p), weigh

Solving the first-order conditions of the La- v 0.24
grangian formulation yields a closed-form solu-

tion for optimal weights w ap

The central research question investigates v 0.23
whether TimeGAN and VAE can reliably repli-

cate statistical /temporal propertie

The experimental pipeline consists of four v 0.25
stages: data acquisition and preprocessing, syn-

thetic data generation, downst

The empirical study uses daily closing prices of v 0.27
the S&P 500 index from January 2000 to June

2024.

All downstream analyses in the study are based X 0.15
on log-returns derived from the S&P 500 index.

Raw prices are transformed into log-returns us- v 0.24

ing the formula rt = In(Pt / Pt-1) to ensure sta-

tionarity and comparabilit

Stationarity of the return series is verified using v 0.18
the Augmented Dickey-Fuller (ADF) test.

The data series is standardized to zero mean and v 0.19
unit variance before being input into generative

models.

The study examines alternative rolling-window v 0.20
lengths of T = 10, 20, and 60 days to ensure

robustness. 4

Table 1 reports the mean of real S&P 500 daily v 0.18
log-returns (2000-2024) as 0.00041.
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