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Introduction
• Volatility forecasting and model fitting important problem in finance.
• Volatility models used by firms to manage risk, comply with regulations, and 

make portfolio decisions among others.

Conclusion
• Simple regression approaches are still powerful for short horizons (e.g. 1-day).
• CONV-LSTM and Transformer methods hold better predictive power for longer horizons: 5, 10 days and potentially longer.
• Saliency analysis of CNN approaches demonstrate that models focus on short time-to-expiry options with strikes near ATM 

(at-the-money) levels. 
These are generally more reactive to changing market conditions with higher delta, so this is excellent to see.

• Transformer methods in particular exhibit a residual distribution closer to gaussian with lower kurtosis in the lower tail, 
meaning large spikes in volatility are better accounted for out-of-sample.

Future Work
• Would like to explore combining surfaces from multiple equities into one larger surface in the future.
• If possible, would like to obtain access to tick-level data rather than daily.
• Would like to explore different loss methods for training that encourage predictive outputs rather than only numerical 

accuracy (e.g. reward methods that predict large spikes more).

Dataset
• Daily volatility surfaces pulled from 

OptionMetrics.
• Access to wide variety of surfaces, but 

chose S&P500, AAPL, and other US 
equities for simplicity.

• VIX historical data used as proxy for 
market volatility.

• Surfaces consist of 3 dimensions: implied 
volatility level as function of time to expiry
and strike price quoted in grid format.

AR(1) Model (Lagged Linear Regression)
• Simple model that predicts the current target based on past targets.
• We fit the AR(1) model 𝑣! = 𝛼 + 𝛽𝑣!"ℓ + 𝜀! using OLS, where 𝑣! is the VIX index 

at time 𝑡.

GARCH(1, 1) Model
• Estimates the VIX index using S&P 500 returns 𝑟!.
• 𝑟! = 𝜎!𝜖!, where 𝜖! ∼ 𝑠𝑡𝑑 𝜈 iid, 𝜎!$ = 𝜔 + 𝛼𝜖! "ℓ + 𝛽𝜎!"ℓ$ .  

2D CNN
• CONV(32)-MAXPOOL-CONV(64)-MAXPOOL-CONV(128)-MAXPOOL-

FLATTEN-DENSE(256)-DENSE(128)-DENSE(64).

3D CNN
• Same architecture as 2D CNN, except filters are extended to 3 dimensions.
• Conducted saliency map analysis for each cross-section (delta-tenor, delta-lag, 

lag-tenor), where saliency for regression is interpreted as the absolute value of 
the loss gradient with respect to an input surface. 

CONV-LSTM
• CONVLSTM(64)-CONVLSTM(128)-CONVLSTM(256)-DENSE(64)
• Nearly identical to LSTM layers in architecture, but convolutions are used for 

input-to-state and state-to-state transitions. 
• Common approach to video frame predictions, which is ideal for our case 

because surfaces can be interpreted as videos over a number of days.

Transformer
• Our implementation modifies the standard Transformer by removing last 

softmax layer, and by setting final linear layer to have dimension 1. 
• Vol surfaces are first flattened, and then we add positional encoding. Input 

sequence is therefore 20 of these "embedded" vectors. Embedding dimension 
has size = number of tenors * number of deltas.

• Model is trained solely using the last temporal output of the transformer. 1-day 
and 5-day forecasts trained for 500 epochs, 10-day trained for 600 epochs 
using an Adam optimizer and a step scheduler which decreases the learning 
rate by 1% after each epoch.

• Despite some models displaying marginally more predictive 
power than others, none exhibited normal residuals as 
desired

• Simple 2d CNN approach exhibited surprisingly high 
performance, low MAE values which points to potential 
trend capturing

• Post volatility spike in the test data (which is essentially 
impossible to predict due to Covid impact), 2d CNN and 
Transformer methods capture trends with reasonable 
performance

• 3d CNN underperforms even the 2d CNN, which likely 
means that training convergence is suboptimal and 
additional hyperparameter tuning is necessary for this 
method 
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