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Forecasting Yield Curves Motivation m}“
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A Many places where a central assumption of the future value of
Interest rates is required

A Investment decision making

A Regulatory internal models (e.g. Solvency 1)

A Policy decision making (e.g. Central Banks)

A Assesment of risk in pensions funds (e.g. With profits funds)

A A robust, automatable, repeatable, explainable, justifiable
approach is required
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A Dynamic Nelson Siegel Model (DNS) is a popular framework
for analysing and forecasting interest rates

A Backed by a large body of research (e.g. Diebold and Li
2005/2006)

A Outperforms other methods on data from multiple
economies

A Parsimonious, intuitive, relatively simple to estimate
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Dynamic Nelson Siegel (Basic Idea) m&":“
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A Factors a are dynamlc e DNS Factors for DE Bund Yields 2007 to 2017

A G1,t closely follows the
yield levels as expected

ARnShapeo facto
movements track term
structure movements

A Build ARIMA model to

forecast future yields
curves
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Thought process for Neural Net m}"'l
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AWe considered that DNS doesnot tak
A long term shifts in the regimes;
A Interaction between three components;
A Actual underlying yield curves.

A Stipulation: Neural Net that DOES do all of the above should
Improve on DNS performance, ceterus paribas.
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A Previous attempts to predict yield curves have noted that deep
neural nets struggle to forecast data

A Data contains multiple features that the wide model is able to
detect because of multiplicity of
A Gating unit (i.e. Initial values) has been added to enable
network to identify under which scenarios some experts may
perform better
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r—l—
Dense layer(s) g |

Lambda layer for fine tuningconverts the outputs from last layer back to

yield curve
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What do the layers look like? m'a'éﬁ;"l
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A ConvilD Layer A LocallyConnected1D Layer
-Iiefiruresmaps — ;.);‘))
Input image
Source: Zhu, W.W. et al. 2014 HEP Source: Blog by Adrigolyer 2017

41 8 June 2018, www.ica2018.0rg



_'J']

- n/ "
What does the math look like? ua:t-fz:':’“
BERLIN 2018
A Fori gp L QQb Q{a, a, &}
AForad 0B Q)0 @GOB 0Y'YB O B SEEOPIOB 0 E DOAAMDEE &

+ 0 B 0Q¢ kA as above) ;
A Where 0 ... 0 are matricies of weights,
A gating is the original input;
ADYY Q o "
Adttdpm® B (mﬁ’b@o;

S R T T | = 1 2 , < JB ~Jb
Auswwaawoes@uﬁbwoBzQ@ﬁ@rOé >

41 8 June 2018, www.ica2018.0rg



_"TJ_

Results m 1
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. Absolute error Absolute Error
Country % improvement DNS Neural Net

’”’A
-

United States -4.2% 4.5834 4.3923
United Kingdom -9.2% 4.4786 4.0666
Germany -21.4% 7.1098 5.5848
Australia -27.0% 6.2658 4.5742
Japan -34.8% 1.4191 0.9247
Singapore -20.1% 3.4951 2.7930
Hong Kong -2.7% 2.0795 2.0242
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Q&A: Overfitting, scarce data and others [EE!%E.!-;TI
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A Forcing model to generalise

A Early stopping times

A Rolling rather than non  -overlapping

A Dropout

A Normalisation

A Data compression
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Q&A: Cross economy prediction mgﬁ“_.
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Australia 6.2658 45742 4.6814
Hong Kong 2.0795 2.0242 2.0242
Comparison between actual and predicted for two methods AU-US Comparison between actual and predicted for two methods HK-US
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Q&A: Technology

A Matlab (Octave)
A R-Studio
A Python ( Jupyter )

A Cloud (GCP)
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Q&A: Autoencoders and PCA mg@“
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APCA works better! ( Al t hough we hayv
PCA vs Autoencoder PCA vs Autoencoder
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A Additional data sources
AFed statement s, mar ket s, GDPEé
A Residual nets (some of the errors will have correlation with

tl m e) Hyperbolic tangent deep layer Standardised data Sigmoid deep layer
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