Modeling Movement for Time Series Forecasting Neural Networks
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Abstract Architecture Deep-Dive (N-BEATS vs N-HiTs) Proxy Correlation (movement tracking) and Profit & Loss (aggregate returns)
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to quantify their respective performances. Having eight different assets on predictions and emphasize components with different frequencies and scales evaluations with the specific objectives of financial time series forecasting.
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The Original Model (N-BEATS) Model Exploration = movement of assets.
N-Beats is a neural network architecture for time series forecasting that is A comparative analysis was conducted between N-BEATS, N-HiTS, TFT, and I e | THRE PRD MR, B
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the importance of different input features and time steps, while the gating " %example plots shown for VIX
layers facilitate the fusion of information from different temporal scales. Results (Sliding Window):
Interpretable multi-head attention: micmretabieMuttiziead(@, &,v) = = > Attention(@W, KW, viry), N-HiTS and TFT were explored further for all eight assets on a two-week sliding g
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Yern = f(xt) = GLA(T (P(x4;0p); 0r); 04); 0c), Window’ incremented by two WEEkS, and forecasted on two weeks. *The profit and loss plots generally trended upward for both N-BEATS and N-HiTS however primarily trended downward
for TFT. This shows different results from proxy correlation where although TFT performed the best tracking movement, it
EURUSD performed weakly in the profit and loss. Above plots were run for eight assets across the sliding window.
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