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Executive Summary

Machine Learning (ML) techniques have been studied in the very recent years as
challenger or complementary models in Finance, respectively opposite to or in
support to the best practices. In this article the authors, leveraging also on the

industry literature, present an application of a ML model that can predict, almost
real-time, Counterparty Credit Risk exposure profiles, XVAs and the corresponding

sensitivities for a "toy" netting set of Interest Rate Swaps.
The goal is explaining how a fairly simple Artificial Neural Network (ANN),

alongside an existing risk infrastructure, can approximate accurately a Monte Carlo
Risk engine. Such an approach can be used as a useful monitoring and stress

testing tool to complement an existing Monte Carlo Risk framework, with faster
speeds of execution with respect to the usual risk pipelines.

It is worth to account that this article reflects the first step of a broader research, it
is meant to be introductory, and therefore it is not deemed complete nor final.
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Real-Time Exposures and xVAs:
a Neural Network Approach

Antonio Menegon Andrea Carapelli

The breakdown caused by the 2008 financial crisis entailed significant changes to all financial
and economic entities. During the crisis, the bankruptcy of large financial institutions
triggered a widespread propagation of default risk through the financial network. In the

following years several efforts has been made both by the regulators and the policy makers to
overcome further system instability. Rebuilding a solid credit system to restore trust in financial and
banking sector has been the first necessity in a new reality where banks were no longer considered
risk free agents. To this end, many changes have been made from new capital requirements,
collateral management to monetary policy. Counterparty Credit Risk (CCR) is related to the scenario
where a counterparty defaults prior to the expiration of a bilateral contract and it is unable to
fullfil all the remaining payments. To account mainly for this nested risk in derivative contracts,
banks started then to introduce Fair Value Adjustments (xVAs) evaluations. Due to the complexity
of the problem at hand, financial institutions are required to perform thousands of Monte Carlo
(MC) simulations to obtain all future portfolio valuations coherently under a specific probability
measure, key ingredients to calculate and monitor potential exposures (e.g., EPE, PFE, ...), fair value
adjustments (e.g., CVA, DVA, FVA, ...) and all their corresponding sensitivities to the relevant risk
factors. Given the computational burden of a MC approach for usually large and complex derivative
portfolios, banks tend to reevaluate those measures only overnight, whereas efficient and robust
proxies are sought for mostly managerial analysis intraday.

1. Background

1.1 The Business Case

Applications of Neural Networks for derivative pricing and CCR purposes have been considered in
the past. For example, Huge and Savine [4] presented an extension of the Longstaff and Schwartz
Monte Carlo [6] where the linear regression is replaced with a neural network trained on both
payoffs and AAD gradients. A novel approach to MVA optimization is presented in [1], where the
authors trained a family of neural networks to approximate derivative prices in a parallel simulation
environment. Other applications, like in [7], showed on the opposite side how it can be even possible
to recover market inputs and contract information from exposure profiles and vice-versa. Levering
on such works, the authors present in this article, in a simple but representative setting, how neural
networks can be used as a time efficient tool to approximate classic simulations for the computation
of risk expected values. The authors also acknowledge that this work is only a first step in a much
broader research they are carrying; the reader must then consider the following set-up and results,
even if quite promising, as indicative of what a more complete study can prove.

1.2 Simulating the CCR

Let us consider a vanilla interest rate swap, the most classic linear derivative that allows two
counterparties to exchange fixed for floating payments flows. The pricing equation for a payer swap
is defined by:

V(t) = N
m

∑
k=i+1

τkP(t, Tk)(ℓ(t; Tk−1, Tk)− K), (1)
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where N is the notional amount, Ti+1, . . . Tm are the payment dates, τk = Tk − Tk−1 and ℓ(t; Tk−1, Tk)
is the forward rate. As a consequence of the CCR and its effect on the derivative price, defaultable
counterparties are charged an additional premium, which is added to the fair price of the derivative,
due to the probability of default. This way the risk that the counterparty would miss payment
obligations is compensated for the other party in the contract:

VD(t) = V(t) + xVA(t).

Therefore, derivatives pricing under CCR requires the valuation of future risk exposures, and it
accounts in the xVAs the corresponding costs or benefits with respect to the market-neutral fair
value valuations. Given the positive exposure profiles PE(t) and negative exposure profiles NE(t):

E(t) = V(t), (2)

PE(t) = max(V(t), 0), (3)

NE(t) = max(−V(t), 0). (4)

We can calculate profile exposure as follows:

EE(t0, t) = EQ

[
N(t0)

N(t)
E(t)|F (t0)

]
, (5)

EPE(t0, t) = EQ

[
N(t0)

N(t)
PE(t)|F (t0)

]
, (6)

ENE(t0, t) = EQ

[
N(t0)

N(t)
NE(t)|F (t0)

]
, (7)

where E(t) is the exposure and N(t) is the numeraire under the risk neutral measure Q, by definition
of money market account:

dN(t) = r(t)N(t)dt,

where r(t) is the short rate representing the continuously compounded rate at which the risk
free investment increases. In order to estimate future exposures E(t) in [2] for a any time t on a
specific date grid we simulated a one factor Gaussian short rate model by means of the Monte Carlo
method, and obtain realizations for r(t).

dr(t) = [ϑ(t)− ar(t)]dt + σdW(t).

Now consider a and σ to be positive constants, with ϑ chosen to fit the currently observed yield
curve in the market:

ϑ(t) =
∂ f M(0, t)

∂T
+ a f M(0, t) +

σ2

2a
(1 − e−2at),

where ∂ f M(0,t)
∂T denotes partial derivative of f M with respect to its second argument and f M(0, T)

being the market instantaneous forward rate at time 0 for maturity T:

f M(0, T) = −∂lnPM(0, T)
∂T

.

With PM(0, T) being the market discount factor for maturity T.
The equation can be integrated to obtain:

r(t) =r(s)e−1(t−s) + α(t)− α(s)e−a(t−s)

+σ
∫ t

s
e−a(t−u)dW(u),

where

α(t) = f M(0, t) +
σ2

2a2 (1 − e−at)2.
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r(t) conditional on r(s) with t > s is Normally distributed with conditional mean and conditional
variance given respectively by:

E[r(t)|r(s)] = r(s)e−a(t−s) + α(s)e−a(t−s), (8)

Var[r(t)|r(s)] = σ2

2a
[1 − e−2a(t−s)]. (9)

It’s possible to obtain the price for zero-coupon bonds, allowing us to compute a new term
structure as a function of a given short rate. P(t, Tk) of the equation [1].

P(t, T) = A(t, T)e−B(t,T)r(t), (10)

where:

B(t, T) =
1 − e−a(T−t)

a
,

A(t, T) =
P(0, T)
P(0, t)

exp
(
−B(t, T)

∂lnP(0, T)
∂t

− 1
4a3 σ2(e−aT − e−at)2(e2at − 1)

)
.

Evaluated the future rate curves we can solve [5] [6] [7] and use the risk neutral expectations
of the exposure profile to compute xVA metrics under a discrete probability space. At valuation
time t, the value of the unilateral CVA of a derivative contract expiring at time T, assuming that the
counterparty has not defaulted yet, i.e. on τ ≤ t where τ is the time to default of the counterparty,
is:

CVA(t) = −LGD(τ)
m

∑
i=1

EPE(t, ti)dPD(ti−1, ti). (11)

Vice versa, the value of the unilateral DVA is:

DVA(t) = LGDbank(τ)
m

∑
i=1

ENE(t, ti)dPDbank(ti−1, ti).

2. CCR Exposures and XVAs with Neural Networks

Our aim is to train a model in order to generate risk neutral estimators ÊPE(t0, t) and ÊNE(t0, t) for
[6] and [7] respectively, such that we will no longer need to iterate through the entire simulation to
compute expected values of future realizations, nor to compute xVAs and the corresponding greeks.

2.1 The Neural Network Architecture

For our purpose, we considered a mixture of historical and generated market data to obtain an
adequate domain for our training set. Historical sampling is the simplest approach as interest rate
curves are directly sampled from last year realizations (last 284 business days). To enhance the set of
forwarding and discounting curves we computed Monte Carlo paths to generate future rate curves.

Given an already existing Monte Carlo Risk engine, and a time grid of n intervals t0 < t1 <
· · · < Tn, we obtained future realizations of market curves for the one factor Gaussian model.

r(ti+1) =E(ri+1|r(ti)) +
√

Var(ri+1|r(ti))Zi,

i =0, . . . , N − 1,
(12)

with Z0, . . . ZN−1 being independent draws from a Gaussian distribution Z ∼ N(0, 1). The train-
ing set is therefore augmented with 700 generated scenarios, as defined in [12], where forwarding
and discounting curves are obtained as discussed in [10].

www.iasonltd.com 7
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TABLE 1: Swaps anagraphic data

FIGURE 1: Swaps mark to futures

Two Artificial Neural Networks1 (ANNs) are trained 2 on 140 zero bonds observations X, half for
the discount curve and the other half for the forward curve 3, and finally used to predict exposures
profiles:

X =

 x1

...
x140

 , Yepe =

y1
epe
...

yn
epe

 , Yene =

y1
ene
...

yn
ene

 ,

ÊPE(t0, t) = f NN,EPE(Xt) : R140 → Rn,

ÊNE(t0, t) = f NN,ENE(Xt) : R140 → Rn,

where n is the time grid length chosen in the training set generation phase. For this application we
considered a bimonthly timestep, with the time horizon starting on the evaluation date and ending
on the expiration of the longer contract. The dataset has been divided into two subsets. The first is
used to fit the model and is referred to as the training set. The second, kept completely separate
from the training set and provided to the trained model to verify the performance, is the test set.
The proportion of the split is 90 − 10%, respectively for training and test sets. We implemented the
ANNs in TensorFlow, and tested them first on single deals, with different maturities and different
strikes. Then we moved to more sophisticated tests, training the model on different portfolios and
netting sets. Price approximations are obtained by global minimization of the mean squared error
cost function without any specific regularization4:

C({wl , bl}l=1,...,L) =
1
m
(ZL − Y)T(ZL − Y),

where ZL are the model predicted values and Y are the labels, namely the risk engine simulated
EPE and ENE profiles. Results show optimal accuracy on the test set, the model was tested both
on single deals and on different portfolios of interest rate swaps. A numerical application in a real
market environment is presented in the following section.

1Feed-forward, fully-connected, with 3 hidden layers NNs.
2In a supervised setting.
3The toy netting set comprises swaps on the same discounting and forwarding curves, as it is explained in the following

section.
4We wanted first to test the "raw" approximation power of ANNs. We are already working on a regularization scheme

that exploit path-wise sensitivities and it will be presented in the future work.
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TABLE 2: Market scenarios

FIGURE 2: EPE profiles

2.2 Pricing Under Scenario

In order to test the accuracy of the model, we implemented an application on a portfolio of both
payer and receiver interest rates swaps indexed to Euribor 6M, with ESTR discounting. The netting
portfolio is composed by three swaps with different maturities (5y, 8y, 10y), different notionals
(10M, 5M, 7M) and different strikes (250 bps and 300 bps). The contract data of the three deals are
summed up in the table 1.

All simulations and pricing are computed using the QuantLib library. Future valuations (here
just the first 100 paths) are obtained by means of Monte Carlo simulation; in Figure[1] we see the
future exposures, respectively, of the three swaps of the netting set defined in Table [1]. A one factor
Gaussian model has been considered for the short rate simulation as discussed previously.

Once obtained the future exposure of single deals, we summed the exposures along every time
step to obtain netted exposures. Finally, artificial neural networks are trained as discussed in the
previous title. Below we can see the comparison of the Monte Carlo "real" results with the ANN
model output in the Baseline Scenario (current date) and in two others randomly chosen market
scenarios.

In scen. A we have a quasi-parallel upward shock of interest rates with respect to the Baseline
scenario, interest rates raise in a range of +12 bps and +8 bps across all buckets, counterparty default
probability increase by ∼ 100bps and bank’s default probability increase by ∼ 50bps . In scen. B we
have an unparallel downward shock of interest rates with respect to the Baseline, rates drop in a
range of -26 bps and -20 bps for shorter term buckets, and in a range of -20 and -10 bps for longer
maturities, credit curves remain stable.

In Figure [2] we can see the results for the expected positive exposure ÊPE(t0, t), while in Figure
[3] we have the expected negative exposure ÊNE(t0, t).

ANN models are finally used to compute bumped exposures and obtain model based sensitivities.
Interest rate sensitivities are calculated with respect to zero rates, bootstrapped from a series of
market quotes. The delta for a particular bucket is calculated with respect to all the zero rates from
the beginning of the interval inclusive to the end of the interval exclusive [5]. So far we have been
dealing only with the generation of exposures, next we will be covering the valuation of CVA, DVA
and their sensitivities which are calculated from the neural network exposures. Assuming that no
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FIGURE 3: ENE profiles

TABLE 3: ANN-MC results

collateral have being exchanged, and focusing here on the unilateral CVA5, we define the exposures
sensitivities at time t as ∂E(t)

∂a , and CVA sensitivities at time t as ∂CVA(t)
∂a where a is the generic zero

rate:

• We can express the exposure sensitivities in discrete form:

∂E(ti)

∂a
=

Ea(ti)− Ebase(ti)

∂a
;

• We can compute CVA from predicted exposures as defined in [11] and calculate the CVA
sensitivities as follows

∂CVA(t)
∂a

=
CVAa(t)− CVAbase(t)

∆a
.

The ANN models took tenths of a second to complete all computations needed for xVA met-
rics and sensitivities on a Intel Core processor6, CVA differentials are trivial to obtain via finite
differences.

3. Conclusions and Future Work

In this article we have discussed a possible application of ANN models to CCR and xVA pricing. The
potential of this application lies in its cheap computational costs for generating expected exposure
profiles, as it gives the possibility to compute xVA and CCR metrics without the necessity to setup
a full Monte Carlo simulation. This functionality can be extended to perform stress-tests and fast
repricing for metrics and sensitivities and it can be used alongside existing Monte Carlo Risk engines
as part of Data Control frameworks, managerial Stress Tests and P&L Explanation.

5The other cases follow similarly.
6Intel(R) Core(TM) i7-8565U CPU @ 1.80GHz 1.99 GHz
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Introducing the collateral management is straightforward7, only the upfront computational cost
of training and test sets generation will increase due to the collateral modeling in the MC framework.

The main limitation of the approach discussed in the article lies in its static nature: once
the netting set is defined, and the network is trained, the resulting model will be tied to that
specific portfolio composition, without allowing for what-ifs analysis and pre-deal checks by adding
(respectively removing) specific trades or changing the CSA definition. As a conclusion, using an
ANN to predict exposures and CCR/XVA metrics in (near to) real time appears to be technically
feasible, although it will require a large upfront computational cost8 to train ANN models to a large
number of netting sets; we recall indeed that every netting set needs its own ANN approximator,
for both EPE and ENE. Moreover, the ANN must be trained every time there is a new deal or an
unwinding. If such a constraint could be a burden in a production setting, a Risk Management or a
Front Office, nonetheless, can still focus on the most material netting sets, train the ANNs on these
and be able to perform intraday and on-the-fly stress analysis.

This application has many possible future directions. One of the most interesting areas of
active research, see [4], studies the regularization of the network combining automatic adjoint
differentiation (AAD) with supervised learning: Neural Network models are trained leveraging also
on the differentials of labels with respect to the inputs. In this regards, the ANNs approximating
the CCR exposures will be intrinsically able to account for the market gradients (i.e., sensitivities) in
the calibration phase.

It could then be interesting to extend the framework in order to include the possibility to choose
different portfolio compositions without the necessity to train a new model, leveraging on transfer
learning to optimize computational effort needed to calibrate similar netting sets9.

7In our business case the netting set is assumed to be not collateralised, but the Neural Network set up does not change
if a CSA is in place: the training and test sets just need to be created from collateralised exposures.

8The simulations that a bank would perform for the valuation of the future exposures of a netting set in a production
setting can be not sufficient for the definition of the training and test sets; possibly, a greater number of simulations could be
needed. Future work will tackle more thoroughly also this topic.

9Netting sets with similar trade composition can be trained sequentially, from a pre-trained model on a "baseline" netting
set. This, potentially, can speed-up the training phase preventing the model owner to re-calibrate the ANN entirely from
scratch. Also this topic will be subject of future research.
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