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Abstract

Credit Valuation Adjustment (CVA) quantifies the present value of expected losses aris-
ing from counterparty default and is particularly sensitive to Wrong-Way Risk (WWR)
during periods of market stress. In modern financial environments, accurate and timely
CVA computation is critical for effective CVA pricing, trading, hedging, risk management
and regulatory compliance. Although Monte Carlo (MC) simulation remains a conven-
tional and widely used method, it becomes computationally burdensome when applied to
large parameter grids or frequent scenario analyses. To address this challenge, this disser-
tation proposes a neural network surrogate in a tractable setting with geometric Brownian
exposure, CIR default intensity, and correlated Brownian shocks under the risk-neutral
measure. A labeled Monte Carlo dataset is constructed, and fully connected surrogates
with one to four hidden layers are trained following a protocol that begins with depth-
specific initial configurations, which are subsequently optimized through extensive hyper-
parameter search and targeted fine-tuning. The results show that a single-hidden-layer
model (FCNN-1) offers the best trade-off between accuracy, efficiency, and robustness:
it achieves test errors below 1% (around 0.88% of average CVA) and yields empirical
speedups of order 10* compared to MC. Under distributional shift, FCNN-1 extrapolates
smoothly and remains consistent with financial intuition, while deeper models exhibit
occasional instability. Interpretability is addressed via SHAP (DeepSHAP), identifying
exposure volatility, initial intensity, and correlation as key drivers, with the one-layer
model replicating the attribution structure of its deeper counterpart. Overall, a carefully
regularized shallow network can retain analytical structure, generalize reliably, and deliver
production-grade acceleration without compromising transparency.
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Introduction

Counterparty credit risk has become a central concern in modern finance, especially since
the 2008 financial crisis. This has led to the widespread adoption of Credit Value Adjust-
ment (CVA) as a key metric incorporating counterparty default risk into derivative pricing
[21L [5]. CVA is the present value of expected losses due to a counterparty’s potential de-
fault over the life of a portfolio [I2]. In practice, institutions compute CVA and related
quantities on a regular basis for regulatory capital and internal risk management, which
underscores the need for both accuracy and computational efficiency [24]. A critical driver
is Wrong-Way Risk (WWR), the adverse dependence between exposure and counterparty
credit quality: exposures tend to be elevated precisely in scenarios where the counterparty’s
credit state deteriorates. Such dependence can materially increase CVA and, when ne-
glected, as was common before the crisis, lead to understated risk. Accounting for WWR
is therefore essential; yet doing so introduces both modeling and computational challenges
[16]. In particular, Brigo and Pallavicini [14] [I5] provide evidence that the dependence
between market factors and credit risk—such as the correlation between interest rates and
default intensities—has a significant influence on CVA valuation.

Accurately evaluating CVA under WWR typically requires complex models and inten-
sive simulation [13]. Unlike simple derivatives that admit closed forms in special cases,
CVA with adverse exposure—credit dependence rarely has analytical solutions and must
be computed numerically. Monte Carlo (MC) remains the workhorse [23], especially when
modeling the correlation between exposure and default [I4]. Despite its conceptual sim-
plicity, MC is computationally demanding: stabilizing estimators of expectations over
exposure-at-default outcomes often necessitates 10°-10° simulated paths, even with vari-
ance reduction and careful time discretization [27]. The resulting runtime can hinder
intraday monitoring, portfolio-scale aggregation, and broad scenario analysis. These lim-
itations motivate faster surrogate methods that retain fidelity to WWR effects.

In recent years, machine learning—particularly deep learning—has emerged as a pow-
erful tool for accelerating complex computations in quantitative finance. Neural networks
can act as surrogate models [25], 20]: once trained on Monte Carlo-generated data, they
may learn to approximate the CVA as a function of underlying parameters, delivering
near-instant predictions for new inputs without re-running costly simulations. This en-
ables substantial speed-ups, making tasks such as real-time monitoring, rapid scenario
analysis, and regulatory reporting computationally feasible. Prior research has further
demonstrated the efficacy of neural surrogates in replicating sophisticated pricing mod-
els—such as those involving stochastic or rough volatility—while maintaining high accu-
racy and structural coherence [29]. Nevertheless, the practical adoption of such models
hinges on interpretability: in risk management contexts, where transparency and au-
ditability are paramount, black-box models are typically viewed with caution. As such, the
development of interpretable surrogates is essential for building trust, supporting model
validation, and satisfying regulatory requirements [9, [32]. To this end, we perform an
interpretability analysis using DeepSHAP, which approximates Shapley values by combin-
ing the game-theoretic attribution framework with DeepLIFT-style backpropagation rules
[34, 130}, 18]. Global feature importance is assessed via mean absolute SHAP values, while



local effects are visualized through beeswarm plots that convey the distribution, sign, and
magnitude of individual contributions. This methodology, recently applied in financial
modeling, provides a principled foundation for verifying economic coherence, diagnosing
potential inconsistencies, and understanding the structural dependencies learned by the
model [36], @].

This dissertation investigates a neural-network-based surrogate approach for efficient
CVA estimation under Wrong-Way Risk. The proposed architecture is a feedforward net-
work specifically designed to reflect key structural and qualitative features of the pricing
problem—such as directional sensitivity to exposure volatility and credit intensity param-
eters—consistent with established financial intuition and theoretical benchmarks. Trained
on Monte Carlo—generated data, the network learns a nonparametric approximation of
the CVA mapping across a broad input domain. The objective is to combine rapid in-
ference with high numerical accuracy and transparent interpretability, thereby supporting
practical applications such as real-time risk monitoring, scenario analysis, and regulatory
reporting, without compromising model fidelity.

The dissertation is organized as follows. Chapter (1| (Data Generation) introduces the
modeling framework for CVA under Wrong-Way Risk, combining geometric Brownian
motion (GBM) for the exposure with a CIR process for default intensity under the risk-
neutral measure Q. It reviews the Monte Carlo estimation techniques and outlines the
associated numerical schemes and discretization choices. An analytic benchmark for the
special case p = 0 is also provided. It then finalizes the simulation setup by selecting a
practical working sample size Nyic = 10° and constructing a suitable parameter grid. The
resulting dataset includes CVA estimates with standard errors, and its generation time
serves as the baseline for evaluating acceleration in subsequent chapters. Chapter [2| (Neu-
ral Network Construction) sets out the development of the surrogate modeling framework.
It introduces feedforward architectures with one to four hidden layers, describes the data
split and preprocessing steps, and details the training procedure, including standardiza-
tion, early stopping with weight restoration, Huber loss refinement, and cosine learning
rate (LR) scheduling. The chapter then presents the initial hyperparameter selection,
followed by an extensive search and targeted fine-tuning across all depths. A depth-wise
comparison ultimately identifies FCNN-1 and FCNN-3 as the most promising candidates
for evaluation in subsequent chapters. Chapter (One vs. Three Layers) provides the main
empirical assessment. It compares the one- and three-layer surrogates in terms of test-set
accuracy and inference speed, examines out-of-distribution robustness through stress tests,
and analyses local sensitivities across the parameter space (Ao, k,0,v,0,p). A dedicated
p = 0 sanity check benchmarks both models against the analytical solution and Monte
Carlo estimates, providing a comparative view of predictive performance, computational
efficiency, and generalization robustness. Chapter 4| (Model Interpretability via SHAP)
focuses on interpretability. Using DeepSHAP, we compute global importance scores and
visualize local directional effects, providing an economic interpretation of the learned CVA
response surfaces. It further compares the attribution patterns of the one- and three-layer
surrogates, showing that a simpler architecture can retain interpretability while improving
computational efficiency.



Chapter 1

Data Generation

1.1 Model Setup

1.1.1 Mathematical Framework

In modeling Credit Valuation Adjustment, we use a stochastic framework combining asset
price dynamics modeled by Geometric Brownian Motion (GBM) and default intensity
dynamics modeled by a Cox—Ingersoll-Ross (CIR) process [19] under the risk-neutral
measure Q. This setup allows us to capture essential financial risks, including Wrong-Way
Risk, where default risk correlates with underlying asset values [15].

Specifically, the dynamics for the underlying asset price S; and default intensity \; are
given by the stochastic differential equations (SDEs):

S, = rS,dt + oS, dw,?, (1.1.1)
AN = k(0 — \p) dt + v/ h dW,, (1.1.2)

with correlation between the Brownian motions given by
avNaw® = pt, (1.1.3)

where Wt(l) and Wt@) are correlated standard Brownian motions.

1.1.2 CVA Definition

CVA represents the expected discounted loss arising from the default of a counterparty.
In this work, we consider the CVA of a single European call option with maturity 7" and
strike K. Under the risk-neutral measure Q, the general CVA formula takes the form:

CVA =LGD -E2 | D(0,7) - 1(rory - (EQ [D(r,T) - (Sr — K)+])+] , (1.1.4)

where LGD is the loss given default, D(t,T) = e "(T=% is the discount factor, and 7 is
the counterparty’s default time [10, [12].

Scope and generality. Focusing on a European call provides a canonical benchmark for
analysis, but the modeling setup and methodology extend naturally to broader classes of
instruments and portfolios, especially simple contingent claims. In particular, for equity-
driven exposures, one may replace the call payoff with a general simple claim payoff Fr =
f(St), such as those arising in long convex portfolios or netting sets, while retaining
the same reduced-form intensity framework. The immersion formula may have to be
generalized if f is not always positive, but this is feasible, and a full simulation approach



without immersion is also an option. With path-dependent or early-exercise features in
the exposure, the approach would have to be adapted, although, overall, only the exposure
profile changes, and the CVA computation proceeds analogously.

1.1.3 Intensity and Default Time Modeling (CIR Model)

Default intensity models assume a strictly positive stochastic default intensity (or hazard
rate) A¢. The CIR model [19] for intensity is described as:

de = k(6 — M) dt + v/ A dW, (1.1.5)

with mean-reversion speed k, long—term mean 6, volatility parameter v, and initial value
Mo > 0. Strict positivity holds under the Feller condition 2kf > v? [22]; otherwise,
numerical schemes such as the full truncation Euler method are applied to preserve
non—negativity. The default time 7 is defined by the inverse of the cumulative intensity
[21]:

T=inf{t > 0: A > £}, (1.1.6)

where A; = fg Asds and £ is an exponential random variable independent of ;.

1.1.4 Monte Carlo Approaches

Default Time Simulation (7 Simulation). Under the risk-neutral measure Q, Monte
Carlo simulation explicitly simulates the default time 7 via an exponential random variable
¢ ~ Exp(1) [11]:

t
T=inf{t > 0: A > £}, At:/ As ds. (1.1.7)
0
The CVA is then approximated by

Nuc
CVAGTE = 3. = 2 DO0.7) Lsery - (B2 [D(m, T)(Sr— K)*]) (1.1.8)
i=1

Immersion Formula (Without 7 Simulation). Under the immersion hypothesis
(H-hypothesis) [12], avoiding explicit simulation of 7, the CVA admits the compact rep-
resentation

CVA = LGD E© [(1 e ds) e (Sy — K)+] . (1.1.9)

Brief derivation.
Let F = (Ft)t>0 be the market filtration generated by (5, )\), and let G = (G¢)i>0 be
its progressive enlargement with the default process Hy = 1;,<, so that G, = F V o(Hy :

s < t). Assume \ is non-negative and progressively measurable with fOT Asds < o0 a.s.,
and EQ[(Sp — K)*] < co. Define D(s,t) = exp( —fst rudu). T is a G-stopping time with
Q(1 =T) = 0 in the Cox setup.

We start from the general CVA definition:

CVA = LGD E9|D(0,7) 1,7y (E2[D(r, T)(St — K)* | G:)) .

Since D(7,T)(S7 — K)* > 0, the inner conditional expectation is non-negative and
the outer positive part can be dropped:

CVA = LGD E@[D(o, M) 1 ey EQ[D(r, T)(Sy — K) | QT]].

10



Because D(0,7) and 1(; <1} are Gr—measurable, they can be brought inside the inner
conditional expectation (linearity and measurability):

CVA = LGD EYEY(D(0,7) 1(;<ry D(r. T)(Sr — K)* | G7)]

Using the multiplicative property of discount factors D(0,7)D(7,T) = D(0,T) (path-
wise, even for stochastic r), and then the tower property E[E(X | G;)] = E[X], we obtain

CVA = LGD E¥1(, .7, D(0,T)(Sr — K)*].

Now apply the tower property in the opposite direction, conditioning further on the
default—free o-algebra Fr (law of iterated expectations). Since D(0,T) and (Sp — K)*
are Fr—measurable, they factor out:

CVA = LGD EQ[D(O, T)(Sr — K) T E (1 oy | fT)]

At this point we compute the conditional default probability. Let A; := fg Asds. By
the Cox construction, 7 = inf{t > 0 : Ay > £} with £ ~ Exp(1) independent of F.
Therefore,

EQ(1{7<T} | Fr) = Q& < Ap | Fr)=1-— e A

Substituting this into the previous display yields the immersion representation
CVA = LGD E© [(1 — e~ Jo A4y D(0,T)(Sp — K)*} .
If r is constant, then D(0,T) = e~ "1 and
CVA = LGD B2 (1 = = 2+) e 7(8p - K)* .

Since S and A may be correlated, the expectation cannot, in general, be factorized into
separate exposure and default components.

1.1.5 Numerical Schemes

CIR Process (Full Truncation Euler Scheme): For the CIR intensity, we employ
the Full Truncation Euler scheme, proposed by Lord, Koekkoek, and van Dijk [27], to
ensure positivity and reduce numerical bias.

~ W ~ N(0,1).
Ant1 = max(Ap41,0),

{XHH = A + k(0 — max(\n, 0)) At + vy/max(n, 0) VATV,
(1.1.10)

GBM Process (Exact Scheme): Asset dynamics under GBM can be exactly simu-
lated as [23]:

Strat = Spexp Kr — 302> At+oVAIWP | W ~ A(0,1). (1.1.11)

Correlation between Brownian Motions: To simulate correlated Brownian motions
Wt(l) and Wt@), we generate two independent standard normal random variables Z(!) and
Z?) and construct [23]:

w =z, (1.1.12)
W =pz0 4 /1= p223 70 72 L N(0,1) independently. (1.1.13)

11



1.1.6 Analytic CVA for p=10
Starting from the immersion representation ((1.1.9)),

CVA = LGD E2 [(1 e o d5>e*’”T(ST —~ K)*} :

the uncorrelated case p = 0 implies that the Brownian motions driving the CIR intensity
A and the GBM asset S are independent. Consequently, A := fOT Asds is independent of
St, so the expectation factorizes (for constant short rate r):

CVA,—o = LGD E%[1 —e™27] . e TER[(Sy — K)*].

Q(r<T) Cps(S0,K,r,0,T)

Brief derivation. In the Cox setup, conditional survival is exp(—Ar), Q(r > T) =
EQ [e*AT]. For the CIR process d\; = k(0 — \;) dt + vy/Ay AW, this Laplace transform is
affine [19].:

EQ [e_AT] = A(T) e—B(T)/\07

with
v =Vk?+ 202,
27T —1)

R U )

2k0
9y ek+7)T/2 v
A(T) = S .
F+ )T — 1)+ 2
Thus Q(7 < T) = 1 — A(T)e BT, Under risk-neutral GBM, the exposure is the
Black—Scholes call price [3]:

Cgs(So, K,7,0,T) = Sg®(d1) — K e ®(dy), (1.1.14)
In(So/K io2)T
4, — DS/ )+ (r+307) , (1.1.15)
oVT
dy = dy — oV/T. (1.1.16)

Substituting these components gives the closed—form benchmark:
CVA,—o = LGD (1 — A(T)e BMA0) Cpq(Sy, K, 7,0, T). (1.1.17)

This analytic expression serves as a benchmark for validating our Monte Carlo CVA
estimates when p = 0, and is particularly useful in evaluating numerical errors introduced
by simulation.

1.2 Simulation Parameters

This section details the parameter configuration and methodological choices adopted to
ensure robustness, accuracy, and computational efficiency in the CVA simulations. Unless
otherwise specified, all numerical experiments reported in Sections [1.2.1] [1.2.2], and [1.2.3]
are performed under the model assumptions and baseline parameter values summarized
in Table .11

These values were selected to ensure sufficient volatility and default activity for mean-
ingful CVA exposure, while remaining within the range of realistic financial parameters.
All simulation results involving the comparison of methods (tau-based vs. immersion),

12



Baseline Model Parameters

Risk-free rate r = 0.02
Loss-Given-Default LGD =1.0
Initial stock price So = 100.0
Strike price K =5y (ATM call)
Time horizon T = 1.0 year
CIR intensity parameters

Mean reversion speed k=0.1
Long-run mean 0=0.1
Volatility of intensity v=0.2
Initial intensity Ao = 0.02
GBM asset parameters

Volatility of stock oc=0.3

Table 1.1: Baseline parameter configuration for CIR intensity and GBM exposure dynam-
ics.

discretization mesh (weekly vs. daily), and scenario count (e.g., Ny = 10% to 10°) are
computed with the above baseline unless otherwise specified.

In the following subsections, we systematically examine how modeling choices—such
as the representation of default time, time-step granularity, and number of Monte Carlo
scenarios—influence CVA estimation under these fixed input parameters.

1.2.1 Comparison of 7-based vs. Immersion CVA Estimators

We assessed two Monte Carlo estimation methods for calculating CVA: the explicit sim-
ulation of the default time 7 (the “7-based” method) and the method employing the
immersion hypothesis (“no-7” method). Results were validated against the analytic CVA
available at zero correlation (p = 0). The standard error (SE) and relative error are
computed as:

SE — Stdev(simulated CVA scenarios)

Nyic

CVAMC - CVAanalytic

Relative Error =
CVAanalytic

Table summarizes the results across different time steps and sample sizes.

Nyc | Steps With 7 No 7
CVA (SE) Rel. Err / Time CVA (SE) Rel. Err / Time
10% 52 | 0.2938 (0.0265) —5.71% / 0.10s | 0.3088 (0.0067) —0.87% / 0.06s
252 | 0.2773 (0.0288) —10.99% / 0.39s | 0.3194 (0.0068) +2.50% / 0.31s
109 52 | 0.3137 (0.0031) +40.70% / 11.09s | 0.3110 (0.0007) —0.19% / 8.93s
252 | 0.3069 (0.0030) —1.50% / 82.20s | 0.3126 (0.0007) +0.33% / 64.33s

Table 1.2: Comparison of 7-based and immersion-based CVA estimators at T" = 1 year
and p = 0, reporting Monte Carlo estimates with standard errors (SE), relative error (Rel.
Err), and runtime.

The Wrong-Way Risk pattern remains clearly visible across all simulated scenarios.
Table illustrates one representative case to demonstrate how CVA responds to changes
in the correlation parameter p under both estimation methods.

From these results, we observe the following;:
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p With 7 No 7

CVA SE A CVA SE A
0.00 | 0.2938 | 0.0265 0% 0.3088 | 0.0067 0%
0.25 | 0.4422 | 0.0395 | +50.53% | 0.3768 | 0.0081 | +22.00%
0.50 | 0.4624 | 0.0395 | +57.39% | 0.4396 | 0.0096 | +42.34%
0.75 | 0.4999 | 0.0464 | +70.18% | 0.5066 | 0.0120 | +64.03%
1.00 | 0.6107 | 0.0479 | +107.88% | 0.5914 | 0.0138 | +91.47%

Table 1.3: Impact of correlation p on CVA estimates WWR. Simulations use 7' = 1 year,
Nyre = 10,000, and 52 steps per year. Relative deviations A are expressed with respect
to the analytic benchmark CVA at p = 0, equal to 0.3116.

e Reduced Relative Error via Immersion: At low sample size (Ny;c = 10%), the
immersion method exhibits significantly smaller bias. This is because the 7-based
method relies on the indicator 1,.7, which frequently evaluates to zero, leading
to high variance and underestimation of CVA. In contrast, the immersion method
bypasses this sparsity and directly estimates:

CVA = LGD - EC [(1 e o Asds) (Sr—K)te |,

where A and S are simulated jointly but 7 and auxiliary exponential variable £ are
not needed.

e Superior Computational Efficiency: The no-7 estimator avoids both 7 and &
simulation. This streamlines the computation, leading to consistent runtime reduc-
tions of approximately 20% at Ny = 106.

e Numerical Stability: Across both weekly and daily steps, the immersion method
yields much lower SE, demonstrating faster convergence and greater robustness with
respect to pathwise variance.

1.2.2 Impact of Weekly vs. Daily discretization

We next examine how discretization frequency affects CVA estimation accuracy using the
immersion-based estimator, which we previously identified as optimal. Table compares
the accuracy, precision, and computational run-times for weekly (52 steps/year) and daily
(252 steps/year) discretization:

Time-step Nye | CVA SE Rel. Error | Runtime
Weekly (52) | 10° | 0.30314 | 0.00208 | —0.80% 4.32s
Daily (252) 10* | 0.31936 | 0.00681 | +2.50% 0.31s
Weekly (52) | 10% | 0.31098 | 0.00065 | —0.19% 8.93s
Daily (252) 105 | 0.31258 | 0.00066 | +0.33% 64.33s

Table 1.4: Impact of discretization frequency and working point on CVA estimation (7' =1
year, p = 0, immersion-based estimator)

The analysis of Table[I.2land Table[I.4]indicates that although daily discretization with
252 steps per year may in principle reduce the relative error and standard error compared
to weekly discretization, the improvements are minor, or in some practical cases entirely
absent, and are disproportionate to the substantial increase in computational effort. For
instance, increasing the discretization frequency from weekly to daily at Ny;c = 10° only
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changes the relative error a little (from —0.19% to 4+0.33%), yet it inflates computation
time nearly sevenfold—from 8.93 seconds to 64.33 seconds.

This disproportionate increase in runtime highlights that discretization frequency is
not the primary source of bias or error; instead, the full-truncation Euler scheme applied
to the CIR intensity model plays a more dominant role. Thus, given the marginal benefits
and significantly higher computational costs, weekly discretization emerges as the practical
choice, delivering reliable accuracy with manageable computational overhead.

1.2.3 Choice of Ny,c = 10° as a Practical Working Point

In determining a practical working point, we focus on a balance among accuracy, compu-
tational efficiency, and robustness across varied correlation scenarios. Table highlights
that employing Nysc = 10° scenarios with weekly discretization results in a relative error
of —0.80% and a standard error around 2 basis points (0.00208). Such accuracy is entirely
sufficient, particularly given that observed CVA variations induced by correlation effects
typically exceed tens of percentage points.

Indeed, the weekly discretization mesh combined with the immersion-based estimator
at Nysc = 10° presents a 1% bias and a standard error on the order of 2 basis points—far
smaller than typical correlation-driven variations. This choice therefore provides a highly
suitable accuracy-to-speed trade-off, allowing for efficient and practical scenario analyses.

Thus, we conclude that a weekly discretization schedule paired with the immersion-
based estimator and Np;c = 10° represents the optimal practical configuration for our
subsequent comprehensive CVA simulations. This choice ensures computational tractabil-
ity without sacrificing the critical precision required for accurate risk assessment, robust
dataset generation, and efficient neural network model training.

1.2.4 Final Parameter Grid for Simulations

Building on detailed numerical analysis above and in line with good practices from the
literature [9], we have carefully constructed the final parameter grid for comprehensive
CVA simulations. Our primary goal was to ensure numerical stability, realistic financial
scenarios, and effective coverage of the relevant volatility spectrum.

A critical consideration was adherence to the Feller condition, which guarantees the
positivity of default intensity A; in the CIR model, defined as [22]:

2k6 > v (1.2.1)

Initial simulations indicated substantial numerical instability and unacceptable relative
errors (exceeding 10%) for large values of volatility parameter v (notably v = 0.3,0.4,0.5).
Such high v values generate excessive equivalent lognormal volatilities for A, given by:

v
NOYR

For instance, with initial intensities Ag € [0.01,0.05], a moderate volatility parameter
v = 0.2 produces lognormal volatilities from 89% to 200%, resulting in unrealistic and
numerically unstable conditions. Additionally, high volatility scenarios frequently violated
the Feller condition, causing simulated intensity paths to be artificially trapped at zero

due to the Full Truncation Euler scheme, thus inflating Monte Carlo estimation errors.
Consequently, we refined the volatility grid to more moderate values:

Viogn = (122)

v € {0.025,0.05,0.075,0.1,0.125},

which yield manageable lognormal volatility ranges (for example, approximately 11%-25%
when v = 0.025).
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Building on the methodological insights of Brigo et al. [9], we explicitly removed
parameter sets violating the Feller condition. An exhaustive analysis of the parameter grid
indicated that out of 1250 combinations, 135 cases violated the Feller condition (violation
ratio of 10.8%). Crucially, among the 1115 remaining compliant scenarios, 575 retained
significant lognormal volatilities exceeding 40%, ensuring the preservation of high-volatility
dynamics essential for robust CVA modeling.

The final parameter grid, ensuring numerical stability and financial realism, is thus
defined as:

o Initial default intensity (\o): {0.01,0.02,0.03,0.04,0.05}
e Mean reversion speed (k): {0.1,0.2,...,1.0}

e Long-term mean (¢): {0.01,0.02,0.03,0.04,0.05}

Volatility of intensity (v): {0.025,0.05,0.075,0.1,0.125}

Asset volatility (o): {0.1,0.2,0.3,0.4,0.5}

Correlation (p): {—1.0,-0.8,...,0.8,1.0}

This selection results in a total of:
5x10x5x5x5x11x(1—-0.108) = 61,325

valid parameter combinations for data generation.

Moreover, throughout all simulations we adopt the baseline model parameters reported
in Table risk-free rate r = 0.02, loss-given-default LGD = 1.0, initial stock price
So = 100.0, strike price K = Sy (ATM call), and time horizon 7' = 1.0 year. Unless
otherwise stated, CVA values are computed using the immersion-based estimator with
weekly discretization (52 steps per year) and a Monte Carlo sample size of Ny;c = 10°.

In summary, this refined and meticulously structured parameter grid ensures the gen-
eration of robust, precise, and computationally efficient datasets, optimally suited for
training neural networks and enabling sophisticated financial risk assessments, especially
under Wrong-Way Risk conditions.

1.3 Dataset Output and Storage

Results from the simulations are stored in a structured CSV file, cva_grid.csv. The final
dataset contains 61,325 rows. The fields are:

e Parameters: A\, k, 6, v, o, p.
e Monte Carlo outputs: CVA estimate (CVA_MC) and its standard error (SE_MC).

e Analytic benchmark: closed—form CVA for p = 0 (CVA_analytic) and the relative
error RelError_%.

A full schema and sample rows are reported in Appendix see Tables

The dataset comprises 61,325 valid parameter tuples. Each Monte Carlo valuation
uses Nyi¢ = 10° paths with fixed random seeds. On the p = 0 analytic slice, no entry
exhibits |[RelError_%| > 5%.

Generating the full grid required approximately 18.7 hours of wall-clock time with
the baseline engine. This figure is used as the reference runtime for the acceleration
comparisons in Chapter
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1.4 Summary and Next Steps

The parameter grid is constructed as follows: Ao € {0.01,0.02,0.03,0.04,0.05}, k €
{0.1,0.2,...,1.0}, 6 € {0.01,0.02,0.03,0.04,0.05}, v € {0.025,0.050,0.075,0.100,0.125},
o €4{0.1,0.2,0.3,0.4,0.5}, and p € {—1.0,—0.8,...,0.8,1.0}. This yields an evenly spaced
mesh across the parameter ranges. Parameter combinations that violate fundamental
feasibility or stability conditions are excluded.

This dataset provides the foundation for training a neural surrogate to accelerate CVA
computations under WWR. In addition to broad parametric coverage, the inclusion of the
p=0 analytic slice offers an internal benchmark for sanity checks and error calibration, sup-
porting systematic bias—variance diagnostics across the grid. The baseline generation time
of 18.7 hours for 61,325 grid points serves as the reference against which the surrogate’s
inference speedups are quantified.

Subsequent chapters detail the neural network architecture, training methodology, per-
formance evaluation, and interpretability analysis.
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Chapter 2

Neural Network Construction

In order to construct a surrogate model for Monte Carlo-based CVA estimation, we design
and compare four fully-connected feedforward neural network (FNN) architectures with
1 to 4 hidden layers. Unless otherwise stated, we take the 3-hidden-layer network as the
running example to illustrate the construction and tuning pipeline. All implementations
are based on TensorFlow/Keras [I,[17], and the dataset is the simulated grid cva_grid.csv
described in Chapter

2.1 Initial Setup

2.1.1 Overview of the Architectures

The four candidate network structures are defined as follows:

1. 1-layer network: One hidden layer with u; units, denoted by Dense(u;, ReLU).
2. 2-layer network: Two hidden layers with (u1,u2) units respectively.
3. 3-layer network: Three hidden layers with (uj,ug,us) units respectively.

4. 4-layer network: Four hidden layers with (u1,ug, us, u4) units respectively.

In all cases, the input layer has dimension 6, corresponding to the parameters (Ao, k, 0, v, g, p),
and the output layer is a single linear neuron producing the CVA estimate. Hidden layers
use ReLU activations.

2.1.2 Data Split and Preprocessing

We randomly split the dataset into an 85% training pool and a 15% test set, with a fixed
random_state of 42 used throughout unless otherwise specified. Within the training pool,
10% 1is reserved as a validation subset via validation split=0.1 during training. As
a result, the effective proportions with respect to the full dataset are as summarized in

Table 211

Split Proportion Purpose
Train (updates) 76.5% Parameter learning
Validation 8.5% Early stopping / model selection
Test 15% Final generalization check

Table 2.1: Data split used in model development.
All six input features are standardized by a StandardScaler fitted on the training

pool and applied to validation and test sets. The target (CVA_MC) is left in its natural scale
so that RMSE can be interpreted directly as a percentage of the average CVA.
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2.1.3 Training Protocol

All networks are trained using the mean squared error (MSE) loss and optimized via
Adam with tuned learning rates. We report root mean squared error (RMSE) on the
validation and test sets as the primary performance metric. To prevent overfitting and to
enable efficient model selection, early stopping is employed. Training terminates early if
no improvement is observed, and the best model weights are restored.

To ensure robustness against batch-size sensitivity, we conduct a small discrete sweep
over batch sizes {128,256,512}, especially after finalizing the architecture and core hy-
perparameters. A batch size of 256 is used as the default throughout unless otherwise
specified. All models are trained for at most 200 epochs. A detailed summary of the
protocol is given in Table

Setting Value Notes
Loss MSE Regression objective
Metric RMSE Reported on validation/test sets
Optimizer Adam With tuned learning rate
Activation ReLU Applied to all hidden layers
Epochs (max) 200 Early stopping enabled
Early stopping | Patience =5 / 10 Restore best weights
Batch size 128 / 256 / 512 Discrete sweep; default = 256

Table 2.2: Common training protocol across architectures.

2.1.4 Initial Hyperparameter Selection (1-3 Layers)

Before a full-scale search, we set robust seeds from targeted exploratory tuning. They were
stable across random initializations and gave a good bias—variance trade-off (Table [2.3):

Initial Set Units per hidden layer | Learning rate
SetD (1-layer) [128] 0.0010000
SetE (2-layer) [128, 64] 0.0010000
SetC (3-layer) [128, 64, 32] 0.0010000

Table 2.3: Initial seeds for 1-3 hidden layer networks.

Why these seeds are reasonable.

e Function complexity. The surrogate f : R® — R is smooth on the calibrated,
bounded domain; the dominant nonlinearities come from the p-driven WWR, cou-
pling and the CIR-intensity tails. By universal approximation on compact sets, a
single hidden layer with O(10%) ReLU units (SetD) already provides a sufficiently
rich piecewise-linear basis to fit such targets with low bias.

e Capacity scaling. Moving from one to two and three layers (SetE, SetC) increases
representational efficiency: modest depth captures compositional structure with con-
trolled parameter growth. The tapered widths (128 — 64 — 32) follow a “funnel”
design that concentrates capacity near the input (where interactions are strongest),
progressively reduces dimensionality, and improves conditioning without sacrificing
expressiveness.

o Optimization stability. With standardized inputs, an Adam learning rate of 1073
lies in a well-behaved regime—large enough to avoid slow drift, yet small enough to
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prevent divergence or extended plateaus. Empirically, these seeds reach stable vali-
dation plateaus with low sensitivity to random initialization, making them reliable
centers for localized hyperparameter refinement.

Taken together, the seeds are expressive enough to avoid underfitting, compact enough to
provide implicit regularization, and stable enough to support efficient fine-tuning.

2.1.5 Four-Layer Initial Search

A 4-hidden-layer family introduces substantially more degrees of freedom than its 1-3 layer
counterparts. First, parameter count grows superlinearly with width, so modest increases
in per-layer units translate into large jumps in total capacity. Second, deeper compositions
alter the optimization landscape: they tend to accentuate training pathologies—extended
loss plateaus, higher sensitivity to sharp minima, and stronger learning rate-width coupling
that makes a single, hand-picked step size suboptimal across widths. In such regimes, man-
ual seeding is brittle: small changes in widths or learning rate can qualitatively flip training
dynamics (e.g., delayed descent, premature overfitting, oscillatory validation curves). To
remove hand-tuned bias and ensure a fair capacity comparison to the 3-layer model, we
therefore learn the initial seeds for the 4-layer family via an automated, resource-aware
search.

We adopt Keras-Tuner Hyperband [33], which allocates epochs adaptively, promoting
promising trials while pruning weak ones, thus covering a wide design space under a fixed
compute budget. The search spans:

e hidden-layer count n € {3,4} (depth control under identical budgets),

e per-layer units in [64, 1024] (step 64), chosen to traverse under- to over-parameterized
regimes while remaining GPU-friendly,

e learning rate in [107%,1072] (log-scale), covering the stable range for Adam with
standardized inputs.

Inputs are standardized; optimization uses Adam with the sampled learning rate; early
stopping (patience = 5) and validation RMSE define the objective. After Hyperband
selects the best configuration, we run a small batch-size sweep {128,256,512} and re-
train with early stopping on the full training pool (same validation split). This two-stage
procedure (global search — local refinement) mitigates depth-induced instability while
preserving efficiency.

This process yields two strong 4-layer seeds (Table :

Initial Set (4-layer) | Units per hidden layer | Learning rate
SetA 384, 384, 128, 192] 0.0017755
SetB [768, 320, 192, 512] 0.0014500

Table 2.4: Promising seeds identified for 4-layer networks via Hyperband.

To quantify the capacity jump that motivates automation, we report approximate
parameter counts (including biases). For a Dense layer with input dimension nj, and
output width ngyt, the parameter count is

#params = (nin X Nout) + (Mout) = (Min + 1) Nout-

For an L-hidden-layer MLP with input dimension d, output dimension y = 1, and hidden
widths [uq,...,ur], the total becomes

L-1
#params = (d+1)u; + Z(Ui+1)Ui+1 + (up+1)y
i=1
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(we use d = 6 and y = 1 throughout). Applying this formula (Table [2.5):

Model Hidden units #Params (approx.)
SetD [128] 1,025

SetE 128, 64] 9,217

SetC [128, 64, 32] 11,265

SetA | [384, 384, 128, 192] 994,769
SetB | [768, 320, 192, 512] 412,417

Table 2.5: Parameter growth from 1 to 4 hidden layers (input dimension = 6, output = 1).

The jump from SetC to 4-layer seeds is over an order of magnitude(about 20-37x),
which explains why automated, resource-aware initialization (Hyperband) is both neces-
sary (to stabilize width-LR interactions at depth) and effective (to discover operating
points that are simultaneously expressive and trainable without hand-crafted seeding).

2.1.6 Systematic Evaluation of Initial Sets

To compare depth and capacity on equal footing, each initial set is trained under an
identical protocol: at most 200 epochs with early stopping (patience = 10), fixed batch
size = 256, the data split described above (Train 76.5%, Validation 8.5%, Test 15%),
standardized inputs, Adam optimization, and MSE loss. We report the held-out test
RMSE and, for scale-aware interpretation, the same RMSE as a percentage of the average

CVA (Table 2:6).

Set RMSE | % of avg CVA
SetA_384_384_128_192 | 0.003829 1.00%
SetB_768_320.192_512 | 0.004157 1.08%

SetC_128_64_32 0.003815 0.99%
SetD_128 0.004378 1.14%
SetE_128_64 0.003592 0.93%

Table 2.6: Test performance of the initial sets under a unified training protocol.

Discussion. All five seeds achieve sub-1.15% relative error on the held-out test set, in-
dicating that even comparatively compact architectures already approximate the CVA
surface well on the simulated domain. The spread across configurations is modest: the
best (SetE, 0.93%) and worst (SetD, 1.14%) differ by only 0.21 percentage points of the
average CVA (i.e., 0.000786 in absolute RMSE). This narrow band suggests diminishing
returns from additional depth once basic capacity is in place. Notably, the 2-layer SetE
attains the lowest RMSE with far fewer parameters than the 4-layer seeds, underscoring
strong parameter efficiency; the 3-layer SetC is statistically comparable (0.99%) and offers
a balanced trade-off between expressiveness and model size, which motivates its use as
the running example in subsequent fine-tuning. The 4-layer seeds (SetA, SetB) remain
competitive but at a substantially higher parameter cost, justifying the automated ini-
tialization strategy used for that family. Overall, these results validate the initial search
ranges and establish a high-performance baseline for the later, localized hyperparameter
refinement.
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2.2 Extensive Hyperparameter Search

We conduct an extensive, architecture-specific hyperparameter optimization using the
three—hidden-layer family as a worked example. The objective is to refine the initial
seed SetC ([128,64,32], Ir = 1073) by exploring a broad local neighbourhood of widths,
learning rate, and light regularization while holding the data pipeline and objective fixed.
We employ Keras-Tuner RandomSearch [33] with 500 trials under a fixed compute budget,
using identical preprocessing (standardization), split (Train 76.5%, Validation 8.5%, Test
15%), loss (MSE), and optimizer (Adam) to ensure comparability across trials.

2.2.1 Methodology

The search space is centered on SetC but deliberately permissive to escape local optima,
as detailed in Table layer widths are allowed to expand/contract substantially, the
learning rate is swept on a logarithmic scale, and light dropout is optionally applied
after Batch Normalization (BN). BN follows each hidden layer to stabilize activations
and reduce covariate shift, after which early stopping (patience = 15) and a Reduce-
on-Plateau scheduler (factor 0.75, patience = 8, floor 107%) curb overfitting and unlock
late-stage gains once validation loss stalls. The validation objective is RMSE. To isolate
the effects of width, learning rate and dropout, we fix the batch size at 256 throughout.

Hyperparameter Search range Notes

up (layer 1 units) [64,1024] (step 32) default 128

uy (layer 2 units) [32,512] (step 16) default 64

ug (layer 3 units) [16, 128] (step 16) default 32

Dropout per layer {0.00,0.05,0.10,0.15,0.20} | applied after BN
Learning rate (Adam) [107%,3 x 1073] (log) default 1073

Table 2.7: Random-search space for the 3-layer architecture (500 trials).

Each trial trains for up to 100 epochs with early stopping and the scheduler active. Af-
ter selecting the best hyperparameters on validation RMSE, we retrain the corresponding
model for up to 300 epochs on the same Train/Validation split, again with early stopping
and the scheduler, then perform a single evaluation on the test set. Reproducibility is
ensured via random_state = 42 for the data split.

2.2.2 Search Outcome and Selected Configuration

Across 500 trials, the best validation RMSE reached 0.003787. The corresponding con-
figuration (Table concentrates capacity early and tapers aggressively, with essentially
no explicit regularization beyond BN and a light first-layer dropout:

Parameter Selected value Notes
UQ, U, U 832, 160, 16 wide — medium — small taper
Dropout (dy, d1,d2) | 0.05, 0.00, 0.00 | light regularization only at layer 1
Learning rate 1.793 x 1073 Adam (log-searched)

Table 2.8: Best 3-layer configuration returned by RandomSearch (validation objective).

For reference, the approximate parameter count (including biases) is 141,697, com-
puted via
L-1
#params = (d+1)u; + Z(Urf—l) wir1 + (up+1l)y, d=6, y=1.

i=1
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Retraining this configuration with early stopping and the scheduler yields a held-out test
RMSE of 0.007308 (i.e., 1.90% of average CVA).

2.3 Hyperparameter Fine-Tuning

Building on the 500-trial search, we execute a targeted fine-tuning stage that fixes the
best three-layer architecture and refines only the optimization dynamics to improve gen-
eralization on the held-out test set. Concretely, we retain the widths and dropout learned
previously and replace the training regime with (i) a cosine-annealing schedule with warm
restarts and (ii) a robust regression loss, while keeping the data pipeline and split un-
changed.

2.3.1 Methodology

The architecture is fixed to (ug, u1, u2) = (832, 160, 16) with per-layer dropout (dy, d1, d2) =
(0.05,0,0) and Batch Normalization (BN) after each hidden layer. The optimization pro-
tocol is:

e Learning rate schedule. Adam with CosineDecayRestarts [28] (initial LR =
1.793 x 1073; first decay window = 200 steps; tyu = 2.0, mpmu = 1.0) to couple
fast initial descent with periodic warm restarts that bias convergence toward flatter
minima.

e Loss. Huber loss [26] (default §) replaces MSE to suppress the influence of heavy-
tailed Monte Carlo noise while remaining quadratic near zero error.

e Early stopping. Patience = 60 with best-weight restoration, allowing long anneal-
ing phases to complete before termination.

Inputs are standardized using the training-pool scaler; batch size is fixed at 256. Training
runs for up to 600 epochs with a 10% validation split within the training pool; we then
perform a single evaluation on the held-out test set. The fine-tuning setup is summarized

in Table 2.9

Component Value Notes
Widths / Dropout | (832,160,16) / (0.05,0,0) | fixed from 500-trial search
Normalization BN after each hidden stabilizes activations
Loss Huber robust to outliers
Optimizer / LR Adam / 1.793 x 1073 with CosineDecayRestarts
Schedule first_decay _steps = 200 toul = 2.0, My = 1.0
Batch size / Epochs 256 / 600 (max) early stopping, patience = 60

Table 2.9: Fine-tuning setup (architecture fixed, optimization refined).

2.3.2 Model Size and Trainability

Including BN parameters, the model has 145,729 total parameters, of which 143,713 are
trainable and 2,016 are non-trainable (BN running statistics). This matches the Dense-
only accounting,

#paramspepee = (d+1)ug + (uo+1)us + (ui+1)ug + (ug+1)y = 141,697,
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with d = 6 and y = 1, plus BN contributions of 2 trainable (v, 3) and 2 non-trainable
(running mean/var) parameters per BN unit:

#paramspy = 4 x (832 4 160 + 16) = 4,032,

yielding the reported totals (Table [2.10]).

Quantity Value Explanation
Total params 145,729 | Dense + BN (trainable & non-trainable)
Trainable params 143,713 Dense + BN (v, )
Non-trainable params | 2,016 BN running stats

Table 2.10: Parameter accounting for the fixed (832,160, 16) model with BN.

2.3.3 Results

Training stopped early at epoch 197, restoring the best validation weights from epoch 137.
The held-out test performance is:

Test RMSE = 0.003027 (0.79% of average CVA) .

Compared with the pre-fine-tuning result from the extensive search (0.007308, i.e. 1.90%),
this is a 58.6% reduction in RMSE without changing the architecture (Table [2.11]).

Stage Test RMSE | % of avg CVA
After 500-trial search (fixed LR/MSE) | 0.007308 1.90%
Fine-tuned (cosine LR + Huber) 0.003027 0.79%

Table 2.11: Held-out test performance before and after fine-tuning (architecture fixed).

Why the error drops

o Flatter minima via cosine annealing. The cosine schedule with warm restarts lowers
the effective step size in smooth phases and periodically re-expands it, improving
exploration and biasing convergence toward flatter basins that generalize better than
sharp minima.

o Variance reduction via Huber loss. Replacing MSE with Huber attenuates the gra-
dient impact of rare, high-variance CVA targets (Monte Carlo tails), reducing esti-
mator variance and preventing the optimizer from overfitting noisy outliers.

e Isolation of optimization effects. Keeping capacity (widths, dropout, BN) and the
data split fixed removes confounders; the gain is therefore attributable to the opti-
mization regime itself rather than added parameters or data leakage.

2.4 Depth-wise Search and Fine-Tuning

We apply the two-stage protocol introduced in the previous sections to each depth L €
{1,2,3,4}: a 500-trial Keras-Tuner RandomSearch over widths, optional per-layer dropout,
and Adam learning rate (Stage 1), followed by a fixed-architecture fine-tuning pass with
Huber loss and cosine-annealed restarts (Stage 2). All experiments share the same pipeline:
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standardized inputs; split (Train 76.5%, Val 8.5%, Test 15%); loss (MSE in Stage 1); call-
backs (EarlyStopping, ReduceLROnPlateau in Stage 1; EarlyStopping in Stage 2); batch
size 256.

Stage 1 discovers capacity placement under a simple, uniform regime; Stage 2 holds size
fixed but improves optimization dynamics (robust loss + cyclic LR), converting validation
gains into robust test improvements without increasing model size.

2.4.1 1 Layer (FCNN-1)

The best configuration identified from the 500-trial random search is summarized in Ta-

ble 2.12

Hyperparameter Value Notes
uQ 480 single hidden layer
Dropout (dp) 0.10 after BN
Learning rate | 6.20 x 107* | Adam (log-searched)

Table 2.12: Best 1-layer search configuration.

Search — Test. RMSE = 0.003833 (1.00% of avg CVA).
Fine-tuning (fized ug = 480). Huber + CosineDecayRestarts (initial LR = 6.20 x 10™%;
first_decay_steps = 200; ty = 2, mmu = 1); patience = 60.

Final Test. |0.003377 | (0.88%), | 11.9% vs. search.

2.4.2 2 Layers (FCNN-2)

The best configuration identified from the 500-trial random search is summarized in Ta-

ble

Hyperparameter Value Notes
[uo, u1] (512, 64] funnel profile
Dropout (dy,dy) | (0.05, 0.20) after BN per layer
Learning rate | 1.529 x 1073 | Adam (log-searched)

Table 2.13: Best 2-layer search configuration.

Search — Test. RMSE = 0.003717 (0.97%).

Fine-tuning (fized [512,64]). Huber + CosineDecayRestarts (initial LR = 1.529 x 1073;
first_decay _steps = 200; tyy = 2, mpy = 1); patience = 60.

Final Test. (0.85%), J 12.0% vs. search.

2.4.3 3 Layers (FCNN-3)

The best configuration identified from the 500-trial random search is summarized in Ta-

ble 2.14}

Hyperparameter Value Notes
[uo, w1, usg] [832, 160, 16] | wide—medium—small
Dropout (dy, dy,d2) | (0.05, 0.00, 0.00) after BN per layer
Learning rate 1.793 x 1073 Adam (log-searched)

Table 2.14: Best 3-layer search configuration.

Search — Test. RMSE = 0.007308 (1.90%).
Fine-tuning (fized [832,160,16]). Huber + CosineDecayRestarts (initial LR = 1.793 x
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1073; first_decay steps = 200; tyu = 2, My = 1); patience = 60.
Final Test. |0.003027 | (0.79%), | 58.6% vs. search.

2.4.4 4 Layers (FCNN-4)

Deeper models exhibit stronger LR—width coupling and a more multi-modal search land-
scape. To mitigate local-search bias we explore two complementary seed families as de-
scribed before: a front-loaded family near [768,320,192,512] (SetB-like) and a balanced
family near [384,384,128,192] (SetA-like). Each family undergoes an independent 500-
trial search followed by the same fine-tuning recipe.

Seed Family I: around [768,320,192,512]. (Tables [2.15)

Hyperparameter Value Notes
[ug, u1, uz, us) [832, 352, 192, 544] front-loaded capacity
Dropout (do,...,ds) | (0.15, 0.00, 0.00, 0.25) | after BN per layer
Learning rate 5.81 x 1074 Adam (log-searched)

Table 2.15: Best 4-layer configuration (Seed Family I).

Search — Test. RMSE = 0.007738 (2.01%).

Fine-tuning (fized [832, 352,192, 544] ). Huber + CosineDecayRestarts (initial LR = 5.81 x
10~%; first_decay steps = 200; tyu = 2, Mmu = 1); patience = 60.

Final Test. (0.86%).

Seed Family IT: around [384,384,128,192]. (Tables [2.16))

Hyperparameter Value Notes
[wo, w1, ug, us) [544, 640, 256, 64] deeper middle, narrow tail
Dropout (dy,...,ds) | (0.00, 0.05, 0.05, 0.10) after BN per layer
Learning rate 1.157 x 1073 Adam (log-searched)

Table 2.16: Best 4-layer configuration (Seed Family II).

Search — Test. RMSE = 0.003858 (1.00%).
Fine-tuning (fized [544, 640, 256, 64] ). Huber + CosineDecayRestarts (initial LR = 1.157 x
1073; first_decay_steps = 200; tmul = 2, Mmul = 1); patience = 60.

Final Test. |0.003301 | (0.86%).
2.4.5 Cross-Depth Comparison

Table summarizes test RMSEs before and after fine-tuning across architectures of
increasing depth.

Depth Search Test RMSE | Fine-tuned Test RMSE | Relative drop
1 layer 0.003833 (1.00%) 0.003377 (0.88%) 11.9%
2 layers 0.003717 (0.97%) 0.003272 (0.85%) 12.0%
3 layers 0.007308 (1.90%) 0.003027 (0.79%) 58.6%
4 layers (best seed) | 0.003858 (1.00%) 0.003301 (0.86%) 14.4%

Table 2.17: Search vs. fine-tuned test performance across depths (percentages w.r.t. aver-
age CVA). The 4-layer row reports the better of the two seed families at each stage.
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Interpretive notes. Occasional cases where a Stage 1 configuration underperforms a
handpicked baseline on the test set, yet the Stage 2 model surpasses both in all cases, are
normal in deep learning and consistent with our design:

o Inductive-bias shift. Baselines in in Section were evaluated under a simpler
training regime: MSE loss, fixed learning rate, and no BN/Dropout. Stage 1, in
contrast, augments the hypothesis space with BN and optional dropout, and uses
longer, adaptive schedules (EarlyStopping + ReduceLROnPlateau). Such changes
alter the inductive bias: architectures optimal under one regime may not transfer
one-to-one to another. This explains why some baselines can outperform certain
Stage 1 picks on the test set, even though those picks are validation-optimal under
the Stage 1 regime.

o Capacity—regularization—schedule alignment. Generalization depends on aligning net-
work width with both the type and strength of regularization and with LR dynamics.
A compact 3-layer baseline (SetC, [128,64, 32]) has low variance and is near its bias
floor; adding BN and a long annealing schedule can over-regularize it, increasing its
fine-tuned test RMSE to 0.004689 (1.22%). By contrast, a higher-capacity model
([832, 160, 16]) initially performs worse under MSE + fixed LR (test 0.007308; 1.90%)
but benefits from the Stage 2 regime: Huber loss (tail robustness) damps sensitivity
to noisy Monte Carlo targets, and cosine restarts encourage exploration of flatter
minima, reducing error to 0.003027 (0.79%). This illustrates a key deep-learning
principle: larger models often require stronger, structured regularization and ex-
ploratory schedules to realize their potential, whereas small models may saturate
early.

o Why fine-tuning the baseline itself may not win. Applying Stage 2 directly to a
handpicked, narrow baseline cannot overcome intrinsic capacity limits: with insuffi-
cient width, the network cannot capture the curvature and cross-feature interactions
needed to match the expressivity of the best Stage 1 architecture. Thus, decisive
gains require both (i) identifying an effective capacity allocation (Stage 1) and (ii)
optimizing that capacity with a robust schedule (Stage 2).

e Selection noise and consolidation. A 500-trial search introduces multiple-comparisons
noise: the top validation score is a noisy proxy for true generalization. Stage 2 mit-
igates this by “freezing” the architecture and re-optimizing with Huber + cosine
restarts, which acts as a variance-reduction and signal-consolidation step. This ex-
plains the consistent Stage 2 gains across all depths, even when the Stage 1 result
trails a simpler baseline.

INlustrative contrast (FCNN-3). While the example below is drawn from the 3-layer
case, the same pattern holds across other depths. Table contrasts two representative
architectures: a high-capacity model that underperforms at Stage 1 but achieves the
largest relative gain after fine-tuning, and a simpler baseline model that starts strong but
degrades when over-regularized by the same schedule.

Brief summary across depths. Across depths, the two-stage protocol consistently
reduces test RMSE without increasing model size. The best overall performance is achieved
by the fine-tuned 3-layer network (0.003027, i.e., 0.79% of average CVA). Four-layer models
also benefit from the same protocol and two-seed exploration, converging near 0.86% while
mitigating local-search bias.

It is noteworthy, however, that the 1-layer model already attains 0.88%, while the 2-
and 4-layer variants achieve 0.85% and 0.86%, respectively—differences that are marginal
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Architecture Stage-1 Test RMSE | Stage-2 Test RMSE

(832, 160, 16] 0.007308 (1.90%) 0.003027 (0.79%)
(do, dy,d) = (0.05,0,0)
LR =1.793 x 1073
[128, 64, 32] 0.003815 (0.99%) 0.004689 (1.22%)

(0,0,0)
LR =103

Table 2.18: FCNN-3: interaction of capacity and fine-tuning regime (percentages w.r.t.
average CVA).

in absolute terms when all errors lie below 1%. This raises a practical question: is reducing
the error from 0.88% to 0.79% worth the cost of adding two additional layers? Increasing
depth inevitably introduces more nonlinearity, longer backpropagation paths, and stronger
non-local interactions, which can complicate interpretability, debugging, and theoretical
analysis.

Motivated by this trade-off between marginal accuracy gains and added complexity,
the next chapter focuses on a detailed comparison between the 1-layer and 3-layer archi-
tectures, examining their respective properties, behaviour under varying conditions, and
interpretability characteristics.
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Chapter 3

One vs. Three Layers:
Performance, Efficiency, and
Robustness

This chapter presents a comparative evaluation of the best—performing one-layer (FCNN-1)
and three-layer (FCNN-3) feedforward neural network surrogates identified in Section [2.4]
Both models are fine-tuned on the same training/validation split and evaluated on a
held—out 15% test set. Beyond standard in—distribution performance metrics, the analysis
investigates out—of—distribution (OOD) stability in structurally constrained and low—density
regions of the parameter space, conducts a detailed local sensitivity analysis—paying par-
ticular attention to Wrong—Way Risk—and examines the p=0 slice against both closed—form
analytic values and Monte Carlo benchmarks. The chapter concludes with a synthesis of re-
sults, highlighting key insights on model robustness and their implications for high—stakes
credit valuation adjustment estimation.

3.1 Evaluation Protocol and Setup

We reload the saved models and scalers, reconstruct the 15% test split, and standardize
inputs using the model—specific scaler prior to inference. Inference throughput is measured
on the full test set (9,199 points) with batch size 1024 under identical hardware/software
conditions.

3.2 Test Accuracy and Inference Throughput

Table summarizes speed and accuracy. FCNN-1 processes ~ 34k samples/s, while
FCNN-3 processes ~ 25k samples/s. The 3-layer model reduces test RMSE from 0.003377
(0.88% of average CVA) to 0.003027 (0.79%), a relative improvement of ~ 10.4%; both
errors remain below 1% in absolute terms.

Model Test RMSE (% of avg CVA) | Throughput (samples/s)
1-layer (FCNN-1) 0.003377 (0.88%) 34,161
3-layer (FCNN-3) 0.003027 (0.79%) 25,252

Table 3.1: Speed/accuracy trade-off on the held-out test set.

Computational efficiency and accuracy. As reported in Section generating the
Monte Carlo dataset of 61,325 grid points required 18.7 hours (67,320 s), corresponding
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to a baseline throughput of only ~ 0.911 samples/s. Against this reference, FCNN-1 and
FCNN-3 achieve throughput multipliers of ~ 3.75 x 10* and ~ 2.77 x 10%, reducing the
evaluation of the full grid to ~ 1.80 s and ~ 2.43 s, respectively. Thus, the surrogate
delivers orders—of-magnitude acceleration while preserving sub-1% test error.

The trade-off between accuracy and speed is moderate: the 3-layer network improves
test RMSE from 0.003377 (0.88% of average CVA) to 0.003027 (0.79%), a relative gain
of about 10%, at the cost of a ~ 26% reduction in throughput. If sub-1% error is the
operational threshold, FCNN-1 achieves it with higher speed and a simpler hypothesis
class; if maximum accuracy is required and latency is less critical (e.g., overnight CVA
grids), FCNN-3 provides a measurable improvement. The choice therefore hinges on
whether the application is primarily latency- or accuracy-constrained.

3.3 0OOD Stress Tests under Structural Constraints

For robustness analysis, we evaluate twenty stress scenarios comprising ten cases with p = 0
and ten with p # 0, deliberately selected outside the training support. The baseline model
parameters are fixed as in Table while structural admissibility is enforced through the
filters specified in Section including in particular the CIR Feller condition 2k6 > v2.

We compare each surrogate’s prediction with a high-precision Monte Carlo estimate;
for p = 0 we additionally report the analytic benchmark (CIR default probability x
Black—Scholes exposure).

Results: p=0

params (lambdaO,k,theta,v,sigma) | MC | Analytic | 1-layer | 3-layer | erri(%) | err3(%)

[0.039, 0.104, 0.016, 0.040, 0.138] | 0.242215 | 0.241744 | 0.243235 | 0.237155 | 0.42% | -2.09%
[0.031, 0.295, 0.046, 0.044, 0.421] | 0.5660212 | 0.563603 | 0.561308 | 0.565120 | 0.20% | 0.88%
[0.019, 0.847, 0.048, 0.053, 0.314] | 0.375120 | 0.374361 | 0.371325 | 0.371822 | -1.01% | -0.88%
[0.026, 0.885, 0.036, 0.049, 0.456] | 0.544528 | 0.548561 | 0.545986 | 0.551531 | 0.27% | 1.29%
[0.030, 0.809, 0.033, 0.068, 0.248] | 0.328892 | 0.329603 | 0.329458 | 0.327320 | 0.17% | -0.48Y%
[0.029, 0.660, 0.042, 0.067, 0.201] | 0.289580 | 0.289713 | 0.289531 | 0.289991 | -0.02% | 0.147
[0.046, 0.849, 0.038, 0.045, 0.119] | 0.241592 | 0.242128 | 0.243908 | 0.219380 | 0.96% | -9.19Y%
[0.026, 0.202, 0.049, 0.040, 0.065] | 0.102212 | 0.102877 | 0.102310 | 0.131174 | 0.10% |  28.34%
[0.033, 0.479, 0.048, 0.038, 0.230] | 0.355477 | 0.357285 | 0.355138 | 0.340378 | -0.10% | -4.25Y%
[0.042, 0.343, 0.017, 0.045, 0.235] | 0.383725 | 0.385797 | 0.383922 | 0.383602 | 0.05% |  -0.03%

Results: p # 0

params (lambdaO,k,theta,v,sigma,rho) | MC | 1-layer | 3-layer | err1(%) | err3(%)

[0.030, 0.710, 0.016, 0.044, 0.527, 0.30] | 0.591581 | 0.590980 | 0.589652 | -0.10% | =-0.33%
[0.050, 0.511, 0.007, 0.055, 0.058, 0.70] | 0.147259 | 0.143874 | 0.207132 | -2.30% | 40.66%
[0.050, 0.342, 0.011, 0.033, 0.430, 0.00] | 0.774874 | 0.766628 | 0.770658 | -1.06% | -0.54Y
[0.043, 0.290, 0.026, 0.036, 0.376, 0.00] | 0.630839 | 0.633436 | 0.632313 | 0.41% | 0.23%
[0.044, 0.665, 0.053, 0.081, 0.160, 0.80] | 0.383168 | 0.382762 | 0.411268 | -0.11% | 7.33%
[0.017, 0.133, 0.043, 0.049, 0.207, 0.50] | 0.190420 | 0.192727 | 0.190437 | 1.21% | 0.01%
[0.048, 0.518, 0.016, 0.027, 0.090, 0.10] | 0.184951 | 0.188950 | 0.200724 | 2.16% | 8.53%
[0.024, 0.512, 0.022, 0.060, 0.394, 0.10] | 0.384354 | 0.386487 | 0.386525 | 0.55% | 0.56%
[0.028, 1.003, 0.013, 0.043, 0.221, 0.80] | 0.246736 | 0.246279 | 0.241414 | -0.19% | -2.16Y%
[0.043, 1.031, 0.006, 0.032, 0.127, 0.40] | 0.182881 | 0.177897 | 0.162209 | -2.73% | -11.30%

Summary and Interpretation

When evaluated on parameter configurations far from the training distribution, both surro-
gates exhibit some degradation. However, the 1-layer network generally maintains greater
stability in extreme cases:

e Worst 3-layer error (p =0): +28.34% at [0.026, 0.202, 0.049, 0.040, 0.065].
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e Worst 1-layer error (p =0): —1.01% at [0.019, 0.847, 0.048, 0.053, 0.314].
o Worst 3-layer error (p % 0): +40.66% at [0.050, 0.511, 0.007, 0.055, 0.058, 0.70].
e Worst 1-layer error (p # 0): —2.73% at [0.043, 1.031, 0.006, 0.032, 0.127, 0.40].

The 1-layer model, although less expressive and therefore less accurate within the
training distribution, induces a smoother hypothesis class with lower effective degrees of
freedom. This simplicity promotes regularity, suppresses excessive curvature, and reduces
extrapolation risk when evaluated under distributional shift.

By contrast, the 3-layer model leverages its greater representational capacity to achieve
lower in-distribution error (0.79% of average CVA). However, this same capacity increases
variance and amplifies sensitivity to model misspecification, particularly in structurally
constrained or low-density regions of the input space. The most pronounced errors typi-
cally arise when effective option volatility is extremely low (rendering absolute deviations
disproportionately large in relative terms), when Wrong-Way Risk is strong (inducing
sharp, nonlocal exposure—default interactions), or when parameters approach admissibil-
ity boundaries (e.g., near-binding Feller condition), where the training data are sparse and
local geometry becomes unstable.

In conclusion, while FCNN-3 excels in approximating the target function within the
training domain, FCNN-1 exhibits greater robustness under distributional shift. The
elevated out-of-distribution variance observed in FCNN-3 provides compelling evidence of
mild overfitting to the training manifold.

3.4 Local Sensitivity Analysis

We assess ceteris paribus sensitivities by sweeping one input at a time over its empirical
range while holding the remaining coordinates at their training—set medians. For the
correlation parameter p we additionally overlay a Monte Carlo baseline evaluated at the
exact grid points used to generate the dataset. All sweeps use the same preprocessing
pipeline for both surrogates: the 1-layer (FCNN-1) and the 3-layer (FCNN-3) networks.

3.4.1 Protocol

Let x = (Ao, k,0,v,0,p). For each coordinate x; we form a 100—point grid spanning the
empirical min—-max of z; and set z_; to the componentwise medians. We evaluate both
networks on the standardized inputs and report predicted CVA as a function of x;. For the
Wrong—Way Risk sweep we use (Ao, k, 0, v,0) = (0.03,0.5,0.03,0.075,0.3) and the discrete
p grid from the data; MC values are read from the same grid.

3.4.2 Default—intensity Level )\

Both surrogates display an almost perfectly linear, strictly increasing response (Figure.
This pattern is consistent with CIR dynamics: a higher initial intensity Ag raises the
pathwise integrated hazard over the horizon, increasing the exposure—weighted default
probability and thus the CVA. The two curves are virtually indistinguishable across the
full range, indicating good calibration on this monotone dimension.

3.4.3 Mean-reversion Speed k

The sensitivity of CVA to the mean-reversion speed k is non-monotone (Figure [3.2)).
At low values of k, increasing mean reversion may initially reduce CVA: a stronger pull
toward the long-run level 6 could dampen fluctuations in the default intensity, effectively
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Figure 3.1: Sensitivity of CVA to \g (FCNN-1 vs. FCNN-3).

smoothing the hazard process over time. This reduces the covariance between exposure
and instantaneous default risk, thereby lowering the integrand in the CVA expression.

However, beyond a certain threshold, further increases in k£ may lead to a rise in CVA.
As the intensity reverts more quickly, hazard mass become increasingly concentrated in
the early stages of the contract, where exposure may remain significant. This temporal
alignment could enhance the overlap between default likelihood and exposure, increasing
overall CVA. Both surrogates capture the same qualitative timing-driven effect.
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Figure 3.2: Sensitivity of CVA to k (FCNN-1 vs. FCNN-3).

3.4.4 Long-run Intensity 0

Responses are strictly increasing and nearly linear (Figure . Raising the long-run level
0 shifts the intensity process upward on average, which increases the cumulative default
probability and, in turn, the expected loss. FCNN-1 and FCNN-3 agree to within plotting
resolution throughout, reflecting consistent learning of this effect.

32



Sensitivity of CVA to theta

0447 1-layer NN

3-layer NN

0.42 - /
0.40 -

0.38

Predicted CVA

0.36 ~

0.34

032 =7

T T T T T T T T T
0.010 0015 0020 0.025 0030 0.035 0.040 0.045 0050
theta

Figure 3.3: Sensitivity of CVA to # (FCNN-1 vs. FCNN-3).

3.4.5 Intensity Volatility v

Both surrogates display a non-monotone dependence on v (Figure . CVA declines as v
increases from approximately 0.03 to 0.06, reaches a minimum around v € [0.055,0.065],
and then exhibits a mild rebound over the range v ~ 0.07-0.10. Toward the upper end,
FCNN-3 levels off, whereas FCNN-1 resumes a noticeable downward drift. Overall, FCNN-
3 produces a smoother, lower-amplitude response, while FCNN-1 captures sharper curva-
ture and larger excursions over the same interval.

These differences may reflect distinct inductive biases: FCNN-3, with higher capac-
ity and stronger regularization, tends to smooth local irregularities—particularly in low-
density regions of the training manifold—whereas the more constrained FCNN-1 may
adhere more closely to the curvature suggested by the data.
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Figure 3.4: Sensitivity of CVA to v (FCNN-1 vs. FCNN-3).
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3.4.6 Asset Volatility o

CVA increases monotonically with o (Figure , consistent with the convexity of option
values and the amplification of exposure under higher underlying volatility. The two
models track each other closely across the entire range; small slope differences at very low
o may be attributed to increased relative error when exposure is compressed, as marginal
changes in ¢ have limited impact on the absolute exposure profile in this regime.

Sensitivity of CVA to sigma
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Figure 3.5: Sensitivity of CVA to o (FCNN-1 vs. FCNN-3).

3.4.7 Correlation p (WWR)

Both surrogates accurately reproduce the Wrong-Way Risk effect: CVA increases mono-
tonically and almost linearly with p (Figure [3.6). Using the grid point (Ao, k,6,v,0) =
(0.03,0.5,0.03,0.075,0.3) and sweeping the data’s discrete p values, the 1- and 3-layer
curves are essentially indistinguishable from the Monte Carlo baseline across the entire
range, matching both level and slope. Small residual gaps near the extreme positive end
are minor and do not alter the qualitative conclusion: the networks have learned the WWR,

mapping with high fidelity, capturing the strengthening exposure—hazard co-movement as
p increases.

3.5 p=0 Sanity Check: Closed Form vs. Monte Carlo vs.
Surrogates

In the uncorrelated case p=0, exposure and default are independent, and CVA admits a
closed—form factorization:

CVAanalytic(T) =LGD x Q(r<T) x Cps(So, K,r,0,T) .

—_——
CIR default probability Black—Scholes call price

This provides a natural benchmark against which to validate numerical results. Specifi-
cally, we use the p=0 slice of the dataset to cross—check Monte Carlo estimates and the
outputs of the trained surrogates (FCNN—-1 and FCNN-3). For each parameter configu-
ration with p=0, we compare the surrogates’ predictions against both the MC estimate
CVApic and the analytic benchmark (1.1.17)), and report mean absolute errors (MAE).
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WWR Sensitivity: CVA vs rho
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Figure 3.6: WWR sensitivity: CVA vs. p (FCNN-1 & FCNN-3) with MC baseline.

Model MAE vs. MC | MAE vs. Analytic
1-layer (FCNN-1) 0.002238 0.001481
3-layer (FCNN-3) 0.001983 0.001175

Table 3.2: Mean absolute deviations on the p=0 grid. Both surrogates are closer on
average to the closed-form benchmark than to the MC labels.

Result. Across all p=0 grid points, both surrogates align more closely with the analytic
solution than with the MC baseline (Table . In particular, FCNN-3 attains the smallest
deviation from the closed form (MAE = 1.175 x 1073), despite being trained on CVAyc
targets.

Interpretation. The finding that both surrogates are, on average, closer to the closed
form than to the Monte Carlo labels on the p=0 slice is consistent with the networks atten-
uating label noise and small MC biases. Several mechanisms could plausibly contribute:

o Sources of MC bias at p=0. For computational efficiency, the MC engine employs a
terminal-payoff proxy rather than simulating the default time explicitly. Although
independence factorization holds exactly at p=0, residual bias can arise from dis-
cretization and sampling. In particular, simulating CIR intensities via the Full Trun-
cation Euler scheme with a finite time step can introduce a nonzero discretization
error in the path integral fOT A dt, especially when volatility is high or the Feller
condition is nearly violated. This bias propagates directly into CVAyc, and is com-
pounded by the finite number of paths used.

o Regularization as noise smoothing. The surrogates are trained with standardization,
early stopping, and, during fine-tuning, a robust Huber loss and cosine—annealed
schedules. These design choices penalize fitting high—frequency label perturbations
and encourage smoothness across neighboring grid points. Under standard empiri-
cal-risk—minimization arguments, when labels equal the true target plus zero-mean
noise, a sufficiently regularized regressor will converge toward the conditional expec-
tation and not replicate the noise. This can make the learned surface closer to the
closed form than to any single noisy MC realization.

e [nductive bias toward smooth structure. On the p=0 manifold the map (Ao, k, 6, v,0) —
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CVA is smooth and admits a closed—form factorization. Architectural and optimiza-
tion biases (weight decay, batch normalization, dropout, cosine restarts) may favor
such low—curvature structure, thereby underweighting small, non—systematic MC
idiosyncrasies that do not align with a globally smooth surface.

e Cross—manifold continuity in p. The networks are trained jointly over p € [—1,1]
and implicitly enforce continuity in p. The restriction of the learned map to p=0
therefore acts as a regularized projection of the full surface as p — 0, naturally
pulling predictions toward the analytic limit when correlation vanishes.

3.6 Summary and Implications

Computational efficiency. Relative to the Monte Carlo baseline, the surrogate models
provide substantial acceleration. FCNN-1 and FCNN-3 sustain throughputs of approxi-
mately 34,161 and 25,252 samples/s, corresponding to speedups of about 3.75 x 10* and
2.77 x 10*, respectively. while preserving test errors below 1%. This efficiency gain trans-
forms overnight Monte Carlo runs into near real-time inference, making it feasible to
conduct large-scale sensitivity analyses and WWR stress tests that would otherwise be
computationally prohibitive.

Model robustness. Although the 3-layer (FCNN-3) architecture attains the lowest
in-distribution RMSE, this advantage does not carry over uniformly under distributional
shift. Stress tests in low-density and structurally constrained regions of the parameter
space reveal materially weaker stability, with outliers exceeding 40%. This is a central
result: for high-stakes tasks such as CVA estimation, superior in-distribution fit should
not be the sole selection criterion. Rather, model choice must balance accuracy against
generalization and stability under shift, reflecting a classical bias—variance trade-off—lower
in-sample bias achieved by higher capacity may come at the cost of higher out-of-sample
variance.

Implications. It is notable that both surrogates are, on average, closer to the closed-
form analytic surface than to the Monte Carlo labels they were trained on along the p=0
slice. An interpretation is that the networks learn the underlying signal (the conditional
expectation) while attenuating small MC noise and discretization bias. This behavior is
plausibly induced by the interplay of regularization (standardization, early stopping, Hu-
ber fine-tuning, cosine annealing), architectural inductive biases toward smooth mappings,
and continuity learned across p. Practically, this suggests that well-regularized neural sur-
rogates can, in regimes with reliable theoretical structure, yield estimates more consistent
with known limits than raw simulation outputs. At the same time, the documented OOD
variability—especially for FCNN-3—argues for complementary safeguards (analytic cross-
checks where available, OOD detection, and targeted augmentation) in any production
deployment.
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Chapter 4

Model Interpretability via SHAP

4.1 Motivation and Setup

To complement the preceding chapter’s quantitative evaluation of the CVA surrogates, we
now undertake a global-local interpretability analysis based on SHAP (Shapley Additive
exPlanations). This methodology has been rigorously investigated in the financial deep
learning literature [30, B2, 36], and is employed here to provide interpretability for the
trained surrogates.

The analysis is conducted on the trained 1-layer and 3-layer neural networks, with
input features (Ao, k, 6, v, o, p). Unless otherwise specified, and consistent with the ex-
perimental design adopted earlier, the option maturity is fixed at T' = 1 year, the baseline
model parameters in Table are held constant, the dataset is split with a 15% test
set, and the SHAP computation employs a background sample of N, = 1000 randomly
selected, non-repeating observations from the test set.

Each surrogate model uses its own fitted scaler to standardize the features prior to
explanation.

SHAP is grounded in the Shapley value concept from cooperative game theory, which
provides a principled method for attributing to each “player” the average marginal con-
tribution it makes when joining all possible coalitions. Let P = {p1,...,pn} denote the
set of players and f(G) the value generated by a coalition G C P. The Shapley value ¢y,
assigned to player py is given by [34]

G|'(n— |G| - 1)!
o= GRG0 ) - s, (4.1
GCP\{pk} ‘
where |G| is the size of coalition G and n = |P| is the total number of players. The
weighting factor W ensures that each possible coalition size is equally repre-

sented, and the term f(G U {py}) — f(G) represents the marginal gain achieved when pj,
joins coalition G. The sum thus yields the average marginal contribution of p; across all
possible coalitions.

In the machine learning setting, the “players” correspond to the input features of
a single instance z, the “game” is the prediction task, and f(G) denotes the model’s
expected output when only the features in GG are fixed to the values in x while the others
are marginalized over a reference (background) distribution. In this context, the Shapley
values satisfy the additive decomposition [30]

f(x) = E[f(X)] + ) ¢;(f.2), (4.1.2)



where E[f(X)] is the baseline prediction over the background distribution, and ¢;(f,x)
quantifies the signed contribution of feature j to the deviation of f(x) from this baseline.
A positive ¢; indicates that feature j increases the prediction relative to the baseline,
whereas a negative value indicates a decreasing effect.

Computing exact Shapley values requires summation over all 2 =1 possible coalitions,
which quickly becomes intractable as M increases. To address this, SHAP introduces effi-
cient approximation schemes tailored to different model classes [1§]. For deep neural net-
works, the DeepSHAP algorithm combines SHAP’s game-theoretic attribution framework
with DeepLIFT-style backpropagation rules [35] 2] to propagate contributions through
network layers while using a chosen background set to estimate conditional expectations.
In this study, we adopt DeepSHAP with the above-defined test-set background, as used by
Yuan et al. [36], to measure global feature importance via the mean absolute SHAP value
(averaged over all explained instances) and to visualize local effects through beeswarm
plots that depict the distribution, sign, and magnitude of ¢;. This unified setup allows
us to identify and rank the dominant economic drivers of CVA, assess their directional
impact (e.g., the Wrong—Way Risk amplification induced by p), and compare the learned
sensitivities between the simple and deep surrogate architectures in a methodologically
consistent manner.

4.2 Global Importance

Figure presents the mean absolute SHAP values for each input feature, with the
corresponding numerical magnitudes reported in Table Both surrogates exhibit an
identical ordering of feature importance:

o> X >p>0>0v2k,

indicating strong concordance in identifying the dominant drivers of the CVA surface at
the T=1 year horizon.
The relative contribution (share) of each feature j is computed as

5
p] - stm7

where s; denotes the mean absolute SHAP value for feature j. Percentages quoted in the
text correspond to p; x 100%. Under this normalization, the top three drivers (o, Ao, p)
jointly account for approximately 84.5% (1-layer) and 84.7% (3-layer) of the total attri-
bution mass, with o contributing roughly 39%, A\¢ about 32%, and p around 13%. The
remaining parameters have comparatively limited influence: 6 contributes about 10%,
while v and k each contribute less than 3%.

Across architectures, the absolute importances are closely aligned. Transitioning from
the 1-layer to the 3-layer surrogate yields slight decreases in the attributions for the main
drivers, offset by marginal increases in v and k. These variations are numerically small
and do not affect the ranking, confirming that both surrogates have effectively learned the
same global sensitivity structure. For comparability, all features are standardized using
model-specific scalers prior to SHAP computation, and global importance is consistently
measured as the mean absolute SHAP value.

Summary of key observations. (i) Exposure volatility o, initial intensity Ao, and
dependence p dominate (together ~ 85% of the total absolute attribution).

(ii) O has a moderate but non-negligible contribution.

(iii) Intensity volatility v and mean-reversion speed k are minor at the one-year horizon.
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Figure 4.1: Global SHAP importance (mean absolute SHAP) for the two surrogates. Left:
1-layer network; Right: 3-layer network.

Feature | 1-layer | 3-layer
o 0.1381 | 0.1312
Ao 0.1132 | 0.1063
0.0451 | 0.0424
0.0364 | 0.0324
0.0095 | 0.0096
0.0084 | 0.0085

Eral KSE IS

Table 4.1: Mean absolute SHAP values (global importance). Percent shares equal each
entry divided by the column-wise sum (0.3507 for 1-layer; 0.3304 for 3-layer).

4.3 Local Effects and Directionality

Figure [£.2] displays the SHAP beeswarm plots for the 1-layer and 3-layer surrogates. In
each plot, every point corresponds to a single explained instance, with the horizontal axis
representing the SHAP value (i.e., the signed contribution of the feature to the prediction
relative to the baseline) and the colour indicating the actual feature value (from low in
blue to high in red). The vertical ordering follows the global ranking of features, enabling
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direct comparison between global and local patterns.

The beeswarm visualizations corroborate the global importance ordering reported in
Section while also providing directional insights into how feature values influence
CVA. A pronounced directional asymmetry is observed for p: high values of p (in red) are
predominantly associated with positive SHAP values, indicating that increased dependence
between exposure and default intensity raises CVA — a manifestation of the Wrong—Way
Risk effect. Conversely, low p values (in blue) tend to have negative SHAP contributions,
consistent with right—way risk scenarios.

For o and Ag, the local effects are also strongly monotonic and of substantial magnitude.
Higher o broadens the exposure distribution, increasing the likelihood of large positive
exposures coinciding with default events, thereby amplifying CVA. Similarly, a larger
Ao raises the near-term default intensity, directly increasing expected losses and thus
CVA. Both features exhibit a wide spread of SHAP values, reflecting their high global
importance and strong influence across diverse parameter combinations in this one-year
maturity setting.

In contrast, 8, v, and k exhibit more narrowly clustered SHAP distributions centered
around zero, with v and k in particular displaying a more symmetric spread. This indicates
weaker and less directional influence in the one-year maturity setting. It aligns with
the economic interpretation that, over short horizons, the mean-reversion parameters of
the CIR intensity process and its volatility play a comparatively less important role in
determining CVA.

4.4 Economic Interpretation

This section examines the economic implications of the SHAP results presented in Fig-
ure 4.1 and Figure 4.2} with numerical values reported in Table The results are highly
consistent across architectures and align closely with financial intuition for short-maturity

CVA.

Throughout this section, all expectations and probabilities are understood to be taken
the risk-neutral measure Q. When writing E[-], we therefore refer to risk—neutral expec-
tations unless explicitly stated otherwise.

4.4.1 Comparative Interpretation: 1-layer vs. 3-layer

The SHAP patterns in Figures [4.1 are highly consistent across architectures, with
identical feature rankings and close absolute magnitudes. Over the calibrated grid, this
suggests that the CVA map is largely linear or only mildly nonlinear in its inputs. The
deeper 3-layer surrogate captures slightly steeper local gradients but does not materially
change the attribution structure or the economic reading; the simpler 1-layer network
already recovers the dominant drivers effectively.

4.4.2 Dominant Short-term Drivers

As shown in the above sections, CVA sensitivity at the one-year horizon is concentrated
in three parameters: exposure volatility o, initial intensity Ag, and correlation p. The
remaining parameters—Ilong-run mean 6, intensity volatility v, and mean-reversion speed
k—exhibit comparatively modest contributions. The discussion below focuses on the eco-
nomic mechanisms underpinning these sensitivities.
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Figure 4.2: SHAP beeswarm plots (local effects, coloured by feature values). Top: 1-layer
surrogate; bottom: 3-layer surrogate. The horizontal axis shows the SHAP value (impact
on the model output relative to the baseline), while colour encodes the actual feature
value.

Exposure Volatility o

From the definition of CVA in , the valuation can be interpreted as that of a call
option on the exposure, which is exercised only in the event of counterparty default prior
to maturity, at a random time 7. In this option-like structure, the volatility parameter
o plays a role analogous to its function in classical option pricing. Since European call
options exhibit positive vega—their value increases with volatility—greater o broadens
the distribution of potential exposures and, in expectation, increases their magnitude. It
follows that CVA tends to rise monotonically with volatility.

This theoretical interpretation aligns with the SHAP analysis, which attributes a con-
sistently positive and monotonic effect to 0. The convexity embedded in the exposure
profile ensures that volatility enhances the potential loss, not only under independence
(when the impact arises solely through the exposure component), but even more so un-
der Wrong—Way Risk, where positive correlation between exposure and default intensity
introduces an additional amplification mechanism.
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Short-maturity Horizon Effects \g

In our CVA setup the option maturity is fixed at T = 1 year. This relatively short
horizon is central to the observed SHAP sensitivities—most notably the prominence of
the initial intensity Ao compared with the mean-reversion parameters (6,k). Under the
CIR specification, the risk-neutral mean intensity takes the closed form [19]

m(t) == E[N] =0+ (No — 0) e ",

so that deviations from the long-run mean decay exponentially as |m(t)—6| = [X\g—0] e 7.
The characteristic time scale of mean reversion is therefore 1/k (with half-life (In2)/k), a
standard interpretation in intensity—based and short-rate modeling [11].

Over a one—year horizon, unless k is sufficiently large, the intensity remains close to its
initial level and has limited opportunity to migrate toward 6. Accordingly, the accumulated
default risk over [0,7] is driven primarily by the starting value Ao, while 6 and k enter
only as secondary, horizon—dependent corrections. The volatility parameter v influences
the dispersion of default risk, but within short horizons its effect remains comparatively
modest unless it is large enough to induce substantial variability in the survival curve.

This horizon effect accounts for the SHAP rankings in Table 4.1 and the local patterns
in Figure Ao receives the largest attribution among the intensity parameters, whereas
0 and k play a more modest role. At longer maturities—or under very rapid mean reversion
(large k)—the influence of (6, k) would be expected to strengthen, as the intensity path
has more time to converge toward its long—run mean.

Role of Correlation and WWR

From the CVA definition in , losses are realized only at the random default time 7
and depend on the prevailing exposure at that time. The correlation parameter p couples
the Brownian shocks driving the asset price and the default intensity in 7,
and therefore governs the joint occurrence of large exposure and elevated default risk.

Let V; denote the undiscounted portfolio value at time ¢ under Q and define the positive
exposure E; := V. For a European call option maturing at 7' with strike K,

Vi = EYD(,T)(Sr— K)" | 7.

Define the default—weight process

t
W, := D(0,1) )\texp(—/ )\udu) > 0.
0

By Appendix[A.1] under the immersion hypothesis the compact representation (L.1.9)
is equivalent to the intensity—based formulation

T
CVA = LGD / EV[E, W] dt.
0

This makes explicit that the dependence on p enters solely through the covariance term
E[EtWt] = E[Et]E[Wt] + COV(Et, Wt)

Within the GBM-CIR framework, the marginals of F; and W; are determined by the
asset volatility o and the intensity parameters (Ao, 8, k,v), and are unaffected by p. What
p controls is their joint dependence: for the long—convex exposure E; = f(S;), upward
shocks to the underlying raise F;, while conditional on the past intensity path, higher
A+ increases Wi. A positive p therefore increases the likelihood that both E; and W; are
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simultaneously large, strengthening Cov(E;, W;) and amplifying CVA (Wrong—Way Risk)
[12, 14]. Conversely, negative p aligns high exposures with lower default risk, mitigating
CVA.

The strength of this effect scales with the volatilities of both components: larger o
widens the dispersion of E;, while larger v widens that of W;. When both are significant,
the amplification under p > 0 is most pronounced. These mechanisms are reflected in
the SHAP diagnostics: increasing p shifts SHAP contributions to the right (higher CVA),
while low or negative p shifts them left, consistent with the global rankings in Table

Modest Influence of v and k£ in a Short-maturity Setting

Consistent with the short-horizon analysis in Short-maturity Horizon Effects A\g, a one—year
horizon provides little scope for mean reversion. Unless k is very large (so that the char-
acteristic scale 1/k is much shorter than one year), the intensity remains close to its initial
level, and variations in k induce minor shifts in the accumulated default mass. Conse-
quently, CVA’s sensitivity to k is weak in a short horizon.

The intensity volatility v contributes primarily by introducing dispersion into the inten-
sity path and the survival curve. In our calibration, v is deliberately confined to the range
[0.025, 0.125] to ensure numerical stability and preserve the Feller condition. This narrow
band limits the stochasticity of A\;, making the marginal effect of v on CVA comparatively
small relative to dominant drivers such as Ag and the exposure volatility o.

Importantly, a small v does not nullify the effect of correlation. Through the covariance
channel, even limited randomness in \; can interact with a volatile exposure process to
generate a meaningful Wrong—Way Risk effect when p > 0. Correlation requires variability
on both sides to exert influence: if v = 0, p becomes irrelevant; but as soon as v > 0, a
sufficiently large o can amplify the effect of p to an economically significant level.

At longer maturities—or with substantially larger k or v—the influence of mean re-
version and intensity dispersion is expected to increase, enhancing the overall impact of
these parameters on CVA.

4.5 Summary and Implications

Model interpretability. SHAP diagnostics provide a transparent, model-agnostic de-
composition of the surrogate CVA maps. Across all architectures, the global importance
ranking remains stable, o > Ao > p > 6 > v 2 k, with the top three drivers capturing
almost the entire attribution mass. Local beeswarm plots further reveal monotone effects
of 0 and Ao, and the skewed directional effect of p, reflecting Wrong—Way Risk. These
patterns align with the T=1 setting: Ag governs the leading level of integrated intensity
over short horizons; mean reversion parameters (k,f) have limited time to act, and the
calibrated band for v restricts intensity dispersion. Correlation p remains impactful be-
cause even modest intensity randomness interacts with a volatile exposure (through o) to
raise covariation under p > 0.

Notably, the 1-layer surrogate reproduces both the global and local SHAP structures
of the 3-layer model, demonstrating that interpretability is preserved under reduced ar-
chitectural depth.

Implications. Two conclusions follow. First, calibration and stress testing should prior-
itize o, Ao, and p, as these parameters jointly govern both predictive accuracy and economic
significance; in particular, careful modeling of correlation is essential, since WWR remains
economically material even when v is modest. Second, the 1-layer network achieves ex-
planatory structure and predictive performance that are effectively indistinguishable from
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the deeper alternative, while being substantially more efficient in inference. It therefore
emerges as an effective, high-throughput, and interpretable baseline for short-term CVA, il-
lustrating that architectural parsimony is compatible with both accuracy and transparency
in this regime.
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Conclusion

This thesis developed an end-to-end deep learning framework to accelerate Credit Val-
uation Adjustment (CVA) computations under Wrong-Way Risk (WWR), based on a
reduced-form framework in which the exposure follows a geometric Brownian motion and
the default intensity evolves according to a Cox—Ingersoll-Ross (CIR) process, both de-
fined under the risk-neutral measure Q and driven by correlated Brownian motions. Within
this stochastic environment, a comprehensive dataset of 61,325 parameter configurations
(Mo, k,6,v,0,p) was constructed, with each tuple associated with a Monte Carlo (MC) es-
timate of CVA, the corresponding standard error, and—for the uncorrelated case p = 0—a
closed-form analytic benchmark. The generation of this dataset required approximately
18.7 hours of computation time and serves as a baseline for quantifying the speedup
achieved by the proposed surrogate models.

Building on this dataset, the study designed, trained, and systematically evaluated fully
connected feedforward neural networks (FCNNs) with varying depths, ranging from one
to four hidden layers. All models were trained under a unified methodology that included
input standardization, early stopping with best-weight restoration, Huber loss fine-tuning,
and a cosine annealing schedule for the learning rate. A consistent train/validation/test
split was maintained across experiments to ensure comparability and statistical rigour in
performance assessment.

The central empirical finding is that a single-hidden-layer network (FCNN-1) of-
fers the best speed—accuracy-robustness trade-off at the one-year maturity horizon. In-
distribution, FCNN-1 attains sub-1% test error (about 0.88% of average CVA), while a
deeper 3-layer model (FCNN-3) achieves the numerically lowest RMSE (about 0.79%) but
with only marginal absolute gain and a ~ 26% drop in throughput. Under distributional
shift, the ranking reverses: systematic stresses in low-density or structurally constrained
regions of the parameter space show FCNN-1 preserving smoothness, directionally consis-
tent responses, and economically coherent behaviour for OOD parameters (across all OOD
tests with p # 0, the worst FCNN-1 relative error was about —2.73%), whereas FCNN-3
exhibits occasional extrapolation artefacts, with worst-case deviations above 40% in se-
lected OOD slices. On the p = 0 manifold, both surrogates align closely with the analytic
surface and—on average—are closer to the closed form than to the MC labels they were
trained on, indicating that the networks distilled the conditional expectation while atten-
uating residual MC noise and discretization bias.

From a computational perspective, the surrogate overcomes the prohibitive runtime of
the Monte Carlo baseline, which required many hours to generate the full dataset. Rela-
tive to the reference throughput of approximately 0.91 samples/s under direct simulation,
FCNN-1 delivers real-time inference with an empirical acceleration factor on the order of
10* (about 3.7 x 10*). This substantial gain in efficiency enables the instantaneous evalu-
ation of extensive parameter grids and facilitates interactive, scenario-based risk analysis
that would be infeasible with raw Monte Carlo methods.

SHAP diagnostics provide further support for these results. At the one-year maturity
horizon, the principal global drivers of CVA are exposure volatility, the initial intensity,
and correlation, with an approximate ordering of importance given by o > Ao > p > 0 2>
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v 2 k. Exposure volatility o, initial intensity Ao, and dependence p dominate the overall
attribution, together accounting for roughly 85% of the total absolute SHAP importance.
Higher o consistently elevates CVA, reflecting the convexity of the exposure profile. The
initial intensity Ag ranks second, increasing the probability of default over short horizons.
The correlation parameter p follows closely, exerting a significant upward influence on
CVA and capturing the essence of Wrong—Way Risk whereby positive dependence between
exposure and intensity amplifies counterparty credit risk. By contrast, the long-run mean
# and the mean-reversion speed k contribute only modestly at short maturities, in line with
the limited horizon over which mean-reverting dynamics can act. The intensity volatility v
likewise plays a minor role at the one-year horizon, as there is insufficient time for stochastic
fluctuations in the default intensity to accumulate. Importantly, FCNN—1 reproduces these
ordered and economically interpretable relationships with the same fidelity as the deeper
network architecture.

Taken together and consistent with the cumulative evidence across Chapter [1| (data
and benchmarks), Chapter [2| (architecture design and tuning), Chapter (3| (performance,
efficiency, and robustness under stress), and Chapter {4 (interpretability)—the one-layer
surrogate, when equipped with appropriate inductive bias, respects analytic structure and
benchmarks, generalizes more reliably under distributional shift, and delivers production-
grade acceleration without compromising interpretability.

Building on these findings, a natural direction is to move beyond the one-year horizon
and undertake a maturity-wise (term-structure) analysis of CVA under WWR. As maturity
increases, parameters governing the level and dynamics of the intensity are expected to
gain prominence, so a central question is how the relative roles of 8, k, and v evolve with
t and interact with p and 0. Two complementary strategies present themselves. One is to
train a family of matched one-layer surrogates at selected maturities, enabling controlled
cross-sectional comparisons. The other is to learn a single time-conditioned mapping
(Ao, k,0,v,0,p,t) — CVA(t) that provides a unified representation of the term structure.
The time-conditioned approach allows mild cross-maturity regularity and partial shape
constraints (e.g., monotonicity in o, p) to stabilize extrapolation, whereas the per-maturity
approach provides a clear basis for attributing how feature salience evolves with maturity.

Beyond the term-structure agenda, two further directions offer extensions of the present
work. First, develop a market-consistent calibration and validation framework [11, [4] 24]:
calibrate (Ao, k,0,v,0,p) to liquid CDS and option data [6] [7], refine or regularize the
surrogate around the calibrated prior, and include simple uncertainty diagnostics with an
auditable Monte Carlo fallback to safeguard accuracy in sparsely sampled regions. Second,
extend the modeling of dependence and credit dynamics in a controlled manner—allowing
gently time- or state-varying correlation and introducing jump or level-shift components
in the intensity (e.g., CIRT™, JCIR™™) [14, 8, BI]— to test the robustness of WWR
asymmetries and to assess how departures from pure diffusion affect CVA sensitivities and
exposure—default interactions.
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Appendix A

Technical Proofs

A.1 Equivalence of the Compact and Intensity Representa-
tions of CVA

Work on a filtered probability space (€2, F, {F:}e[o,7), Q) supporting the GBM-CIR fac-

tors. Let A be a non-negative, progressively measurable intensity with fOT Asds < 00 a.s.,
and let D(t,u) = e~ "~ with r > 0. Assume EQ[(Sy — K)*] < co. Under the immersion
(H-) hypothesis, conditioning on the market filtration {F;} coincides with conditioning in
the filtration enlarged by default [12].

Claim. The compact “no—7" formula
CVA = LGD E@[@ — e~ o XY D0, T) (Sp — K)ﬂ (A.1.1)

is equivalent to the intensity—based representation

T
CVA =LGD / BB Wildt, B :=BDET) (Sr—K)* | F], W= D(0,4) e o,

0

(A.1.2)
Proof. Let S(t) := exp(— f(f As ds) denote the survival process. Then S is a.s. absolutely
continuous and satisfies S'(t) = —A\:S(t). Hence, pathwise,
T T t
1-S(T) = / AS(t) dt = / A exp(—/ As ds> dt. (A.1.3)
0 0 0

Substituting (A.1.3)) into (A.1.1)) yields

T
CVA = LGD E© [ / e~ Jo 245 D(0, T (Sp — K)* dt] .
0

The integrand is non-negative (all factors are > 0), so Tonelli’s theorem permits exchanging
expectation and integration:

T
CVA = LGD / EQ [Ate_ JsA+ds D(0,T) (Sy — K)ﬂ dt. (A.1.4)
0
Use the multiplicative property of discounting D(0,T") = D(0,t) D(t,T) to rewrite (A.1.4)
as
T t
CVA = LGD / EQ [ D(0,t) Aee~Jo X% D(t,T) (Sp — K)*| dt.
0

Wt is Fi-measurable
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Define E, := EYD(t,T) (St — K)* | 74]. Since W, is F;-measurable and integrable, the
tower property (law of iterated expectations) gives, for each fixed ¢,

EQW, D(t,T) (Sp — K)*] = EQ[Wt EYD(t,T) (Sr — K)* | }'t]] = EYW, Ey].

Substituting back into the time integral gives (A.1.2]). O
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Appendix B

Dataset Files

B.1 The CSV File cva grid.csv

As discussed in Chapter [l results from the simulations are stored in a structured CSV
file, cva_grid.csv. The final dataset contains 61,325 rows. The fields are summarized
below.

We adopt the following conventions:

e All intensities and rates are annualized and expressed in absolute units (e.g. 0.05
denotes 5%);

e The exposure follows a GBM under Q with volatility parameter o;
e The default intensity A follows CIR dynamics with parameters (k, 6, v);
e The correlation p couples the Brownian motions driving intensity and exposure.

The Monte Carlo estimator CVA_MC is computed under common random numbers
for variance control. The column SE_MC reports its standard error. When available,
CVA_analytic provides a closed—form benchmark computed on the p = 0 slice; for other
configurations, it is set to NA. The column RelError_j gives a diagnostic of Monte Carlo
bias and variance relative to the analytic benchmark.

Field Meaning Type
Ao Initial default intensity float

k Mean-reversion speed (CIR) float

0 Long-run mean of intensity (CIR) float

v Volatility of intensity (CIR) float

o Exposure volatility (GBM) float

0 Correlation between W7 and Wy float
CVA_MC Monte Carlo CVA estimate float
SE_MC MC standard error float

CVA_analytic Analytic CVA (available on p=0 slice) float/NA

RelError.), | 100 x (CVAMC — CVA_analytic)/CVA_analytic float

Table B.1: Schema of cva_grid.csv (field names, meanings, and types).
Rows are ordered lexicographically by (Ao, k,0,v,0,p). Numeric values use a dot as

decimal separator. The file can be loaded directly using pandas.read_csv (Python) and
retains the field structure shown in Table
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Illustrative preview. To provide a visual sense of the dataset structure, we include
below a truncated preview of the file, consisting of the first and last few rows. These show
the numerical encoding of parameters and CVA outputs. Note that CVA_analytic and
RelError_% are only populated for the p = 0 slice.

idx Ao k 7] v o p CVA_MC SEMC |CVA_analytic | RelError.j
0 0.01 0.1 0.01{0.025|0.1|—1.0|0.043264 | 0.000175 NaN NaN
1 0.01{0.1[0.01{0.025|0.1|—0.80.044811 | 0.000185 NaN NaN
2 0.01{0.1[0.01{0.025|0.1|—0.60.045711 | 0.000192 NaN NaN
3 0.010.1|0.01]0.025|0.1|—0.410.047094 | 0.000200 NaN NaN
4 0.010.1/0.01]0.025|0.1|—0.2]0.048731 | 0.000210 NaN NaN
5 0.010.1[0.01]{0.025|0.1| 0 |0.049893 | 0.000219 0.049915 -0.04
61320 | 0.05 [ 1.0 | 0.05 | 0.125 | 0.5 | 0.2 | 1.055518 | 0.006941 NaN NaN
61321 | 0.05 1.0 0.05]0.125 | 0.5 | 0.4 |1.115955 | 0.007476 NaN NaN
61322 | 0.05 | 1.0 0.05]0.125 | 0.5 | 0.6 |1.189597 | 0.008133 NaN NaN
61323 | 0.05 | 1.0 | 0.05|0.125 | 0.5 | 0.8 |1.256012 | 0.008673 NaN NaN
61324 | 0.05 1.0 [ 0.05]0.125 | 0.5 | 1.0 |1.318221 | 0.009107 NaN NaN

Table B.2: Preview of cva_grid.csv (first and last rows; illustrative).
Note: 61,325 rows X 10 columns (illustrative preview).
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