Decoding the Dynamics of Volatility Interdependencies

Problem Statement:;

In the realm of computational finance, one of the most intriguing challenges is modeling
and exploiting the hidden interdependencies of financial instruments’ volatilities. Let us
consider 28 currency pairs C;, Cs, ..., Cag, whose volatilities exhibit nonlinear dynamics
over time, influenced by global economic factors, macroeconomic shocks, and inter-market
arbitrage conditions. Your goal is to decode these hidden relationships and design an
algorithm that can dynamically predict arbitrage opportunities.

Context:

The strategy to approach this problem is built on the idea of extracting volatility patterns
using Enhanced Principal Component Analysis (PCA) and refining them with Graph Neural
Networks (GNNSs). The core of the problem lies in understanding how the similarity in
absolute volatilities across pairs evolves over time, and how it can be used to identify
actionable trading signals.

The Puzzle:

1. Volatility Dynamics: Each currency pair C; has a volatility 0;(¢), computed as the rolling
standard deviation of its log returns over a window L:
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where r;(f — k) are the log returns, and y; is the mean of log returns over the window

L.

How would you ensure that the volatility measures o;(f) are robust against outliers and
structural breaks in the market? Would altering the computation to incorporate a
weight wy, such as exponential weighting, be more suitable?

2. Nonlinear Relationships: The volatility spread matrix V;;(¢) is defined as:

Vii(t) = lol(t) = g; (D).
To capture nonlinear dependencies, this spread is transformed using a Gaussian kernel:
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where oy is the kernel width.



e |f og is too large, the kernel will fail to differentiate subtle differences in spreads.
If ok is too small, the kernel will overfit to noise. How would you approach
selecting o dynamically as the market evolves?

3. Graphical Representations: Using Enhanced PCA, the kernel matrix K(?) is
decomposed into eigenvalues A; and eigenvectors v
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How would you interpret the significance of the retained components m in terms of

volatility clustering or regime shifts? Could retaining fewer components during periods
of high market volatility (to emphasize dominant patterns) improve model robustness?

4. GNN Refinement: The reduced features are propagated through GNN layers, where
the adjacency matrix 4;; is defined as:
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and R;() is the PCA-reduced feature for C;.

Each layer of the GNN refines the features using:
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where W are learnable weights.

How would you interpret the role of 4;; during periods of extreme volatility when
correlations among currency pairs can shift unpredictably? Would making o4 adaptive
to market conditions lead to better interdependencies?



5. Similarity and Trading Signals: GNN outputs a probability vector p; =
{p?uy,pl.seu,p?‘ﬂd}, and cross-entropy similarity between pairs is defined as:

Sim; =~ pi(k) log p (k).
k

The refined output probabilities are computed as:

How would you interpret the relationship between cross-entropy similarity and market

sentiment across currency pairs? Could introducing weights in the similarity
computation (e.g., based on trading volume) capture additional dynamics?
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6. Dynamic Decision Threshold: Trading signals are derived as:

Signal; = p{""*!(Buy) — pi""*!(Sell),

l

with a dynamic threshold O(%):
O(7) = u(Signal) + 0 - o(Signal),

where 0 is a risk-adjustment coefficient.

Could varying 0 dynamically based on risk tolerance or market regime improve
decision quality? For instance, should o increase during periods of high uncertainty or
macroeconomic announcements?

The Challenge:

1. How would you ensure that the strategy adapts to varying market conditions while
avoiding overfitting to historical data?

2. Are there scenarios where the strategy might fail to capture key relationships, such as
during flash crashes or periods of extreme illiquidity?

3. What measures would you implement to validate that the refined signals and trading
decisions are not artifacts of noise or random market movements?

The solutions lie in balancing model complexity, sensitivity to market conditions, and
computational efficiency while ensuring that the strategy remains robust across diverse
scenarios.



