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Improving Financial Time Series Trading Strategy Performance
using Curriculum-based Difficulty—Calibrated Signal Processing
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Abstract

Existing denoising studies on financial time series largely stop at smoothing itself without linking it to the notion
of learning difficulty, and prior backtests using signal processing rarely control the look-ahead bias arising from the
non-causal nature of the wavelet transform. This study addresses both gaps by using the difficulty concept of
curriculum learning as the criterion for calibrating denoising strength, and by generating signals strictly from past
data. On 17 US ETFs over 2015 - 2024 with a 3-month momentum strategy, the wavelet method turns the baseline's
negative Sharpe ratio (—0.081) positive (+0.041; t = 3.41, p = 0.004, Cohen's d = (.83, permutation p = 0.002). A
literal progressive schedule underperforms the calibrated variant, indicating that the benefit stems from calibrating the
denoising strength rather than from the progression order. However, high turnover leaves a breakeven transaction cost
of about 1.2bp, so the findings are confined to a comparison among signal-processing methods.
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A. Sharpe Distribution by Method
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B. Mean Sharpe by Method
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