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Abstract

Modeling equity prices and equity drifts has been a major challenge, as it requires
investors and traders to account for unexplained market dynamics. Despite the
rapid progress of Scientific Machine Learning frameworks, the intersection of
neural-augmented and physical-science-inspired models remains an unexplored
avenue for systematic applications in the equity markets domain. In this study, we
propose a two-state neural UDE (Universal Differential Equation) model approach
to successfully capture market forces, predict equity price and equity drifts, and
forecast these values over a fixed forecast period of 10 days. Through hyperpa-
rameter optimization and validation metrics, a 20 day training period gave the
best overall results, producing low root mean square errors (RMSE) and achieving
high directional hit rates (DHR) of 66.6% and 55.5% for prices and drifts. Our
approach is adaptable, easily interpretable, and executable. This study opens a
door to investigate applications of Scientific Machine Learning frameworks in
forecasting tasks for the equity markets domain.

1 Introduction

Scientific Machine Learning is a growing field with a wide range of applications in various fields
such as epidemiology, optics, circuit modeling, quantum circuits, fluid mechanics and financial
markets[1,2,3,4,5,6,7,8,9,10]. In this paper, we further explore the application of scientific ma-
chine learning frameworks to the financial domain, which may be useful to investors while making
investment decisions.

Financial market participants have been trying to model equity prices and drifts using traditional
analytical and stochastic models. Classical models such as Geometric Brownian Motion, which
assume constant volatility and the memoryless property of equity prices, may not be able to capture
mean reverting behavior[11,12,13]. Stochastic calculus infused models may be difficult to calibrate
in practice[14,15]. Data-hungry pure machine learning models such as recurrent neural networks
(RNN) and long short-term memory (LSTM) models when directly applied to data in isolation, tend
to capture noise, offer weak generalization and are not inherently intuitive in structure[16, 17, 18].

Therefore, we need a structured and adaptable tool that will improve our ability to model equity prices
and drifts and at the same time will capture and preserve the unexplained "physics" or "dynamics" of
equity markets, limiting noise. We propose to use a neural UDE[19] which retains the core scientific
structure of differential equations, maintains interpretability by establishing clear relationships
between involved states, limits noise and captures underlying patterns in data when trained properly.
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2 Methodology

We propose a two-state deterministic UDE with a lightweight, feed-forward neural network that
captures those elusive, state-dependent drifts. Because the core structure is analytic, we retain
interpretability while achieving the flexibility of modern machine learning.

Let S(t) denote the equity price at time t, and let µ(t) represent its instantaneous drift. We model
their joint evolution as:

dS(t)

dt
= µ(t), (1)

dµ(t)

dt
= −α

(
µ(t)− µ̄

)
+Nθ

(
S(t), t

)
, (2)

with initial conditions S(0) = S0 and µ(0) = µ0. Here, α > 0 governs the mean-reversion speed
back to the long-run level µ̄. The neural network Nθ supplies a data-driven excess drift term that can
depend non-linearly on both the price level S(t) and calendar time t.

An estimate of µ(t) can be obtained from observed prices {Si} at uniform time intervals ∆t via the
log return:

µ(ti) ≈
lnSi+1 − lnSi

∆t
.

Equation (2) decomposes the drift’s evolution into two parts: (i) a physics-inspired Ornstein–
Uhlenbeck core term, −α(µ − µ̄), which enforces mean reversion, and (ii) a learned correction
Nθ(S, t), which captures nonlinear effects.

We fix a 10 day forecasting period from 21st July 2025 to 1st August 2025. The training (prediction)
periods that we will use are 5, 10, 20, 30, 40 and 50 days before 21st July 2025. These training
data segments of logarithmic transformed NIFTY 50 index prices and their drifts are extracted and
normalized. The dynamics is modeled through our neural UDE. The model parameters are trained by
minimizing a weighted squared error loss with regularization ℓ2, optimized in two stages: stochastic
gradient descent with ADAM for coarse convergence, followed by BFGS refinement. Using the
trained parameters, the UDE is simulated forward to generate forecasts of prices and drifts for next 10
days, whose accuracy is assessed via root mean square error (RMSE) and directional hit rate (DHR).

For validation, we also analyze the special case Nθ ≡ 0, comparing the closed-form solution against
numerical integration.

Finally, predicted and actual trajectories are visualized over the training and forecast periods to enable
qualitative evaluation.

3 Results and discussion

Six cases were considered for the training process of the deep learning-based model.

Case (a) Training period: 5 days, forecast
period: 10 days

Case (b) Training period: 10 days,
forecast period: 10 days
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Case (c) Training period: 20 days,
forecast period: 10 days

Case (d) Training period: 30 days,
forecast period: 10 days

Case (e) Training period: 40 days,
forecast period: 10 days

Case (f) Training period: 50 days,
forecast period: 10 days

Figure 1: Comparison of actual and predicted NIFTY 50 index log-prices and drifts for different
training window sizes. All forecasts are fixed at 10 days, while the training window is varied from 5
to 50 days.

Table 1: Validation metrics across cases (a)–(f).

Validation Metrics Case (a) Case (b) Case (c) Case (d) Case (e) Case (f)

Forecast RMSE (Price) 1.7 0.6 0.5 0.8 1.8 2.2
Forecast RMSE (Drift) 1.3 1.5 1.1 0.8 1.2 0.7
Directional Hit Rate (Price %) 66.6 33.3 66.6 66.6 44.4 22.2
Directional Hit Rate (Drift %) 55.5 22.2 55.5 55.5 33.3 33.3
Closed Form vs. Numerical RMSE on Price 1.7× 10−5 2.9× 10−6 4.1× 10−13 5.6× 10−9 2.1× 10−12 3.6× 10−5

Closed Form vs. Numerical RMSE on Drift 4.4× 10−6 4.2× 10−7 8.1× 10−17 1.6× 10−11 8.3× 10−17 3.3× 10−6

In Case (a) in Figure 1, for a training period of 5 days, we observe that the neural UDE performs
poorly in both the training (prediction) and forecasting periods. Even though our model captures the
overall decreasing behavior of the price and the sideways behavior of the drifts, it misses short-term
directional movements and, in fact, predicts values in the opposite direction.

In Case (b), we notice an improvement in the performance of our model as we increase the training
period to 10 days. The model effectively learns the behavior of the prices and drifts and maintains a
consistent, reasonable level of accuracy in matching their trajectories in both the training (prediction)
and forecasting periods. However, just like Case (a), the model does not closely capture directional
movements in price and drift values.

In Case (c), an almost perfect matching can be observed between the approximated and actual values
of prices and drifts. We observe that the approximated prices and drifts slightly deviate from actual
values in the forecasting period. Overall, results are outstanding. Interestingly, in this case, we used a
training period of 20 days, which is exactly twice the length of our forecasting period of 10 days.

Case (d), with a training period of 30 days, delivers results that are nearly comparable to those of
Case (c). However, it is evident that there is some abrupt overfitting of the model due to the noisy
data in both the training (prediction) and forecasting periods.
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In Cases (e) and (f), as we further increase the training dataset/period, there is a noticeable breakdown
in the performance of the neural UDE model. The model abruptly overfits in the training period and
fails in forecasting future price and drift values. This suggests that when the training period becomes
considerably larger relative to the forecast period, the model begins to capture noise and short-term
fluctuations rather than the underlying patterns of the data.

Thus, these results contradict the common notion that increasing the training dataset size for neural
UDE model necessarily improves forecasting accuracy. Instead of the sheer size of the training data,
what matters is optimum training data period and recency(how fresh and recent the data is).

Our observations and insights are further reinforced by Table 1. As a sanity check, from Table 1, we
note that when Nθ ≡ 0, the negligible RMSE between its closed-form and numerically integrated
solutions confirms the correctness of our solver. Since the stock price is the primary target forecasting
variable for market participants (drift is supportive), we crucially discover that Case (c) produces the
most optimum results for our neural UDE model, showcasing brilliant forecasting abilities. Case
(c) also yields excellent joint directional accuracy, with a DHR of 66.6% for prices and 55.5% for
drifts. This highlights that, in practice, the model is not only approximating values closely but also
capturing the correct market direction, which is often more important in equity markets forecasting.

4 Architecture summary and computation

Thorough experimentation led to the 2->14->1 neural network framework with tanh activation func-
tions and ADAM and BFGS optimizers. The computing time consumed to arrive at this architecture
was 2 hours. The programming language used was Julia and the average computation time for training
the model was 4 hours (total computing time for the project was 6 hours) using a m16 R2 Alienware
personal laptop with GPU Intel(R)Arc(TM) Graphics. Code for Case (f), data, alpha and mu values
used for each case can be found at our Github Repository. Similar code is used for other cases.

5 Limitations

For training our model, the input price data was taken from daily closing NIFTY 50 index prices
from 1st June 2025 to 21st July 2025. As work on this paper started around this period, this period
was selected randomly as a sample model training period. For further validation, we need to run this
model for different periods in the past and investigate the results.

6 Broader impact

As per latest Security and Exchange Board of India (SEBI) reports, 91% of Indian retail traders are
losing money in trading [20,21]. We propose making our model freely accessible to retail investors,
promoting democratization of advanced deep learning tools and leveling the field against large
institutions. If efforts are not made to highlight and popularize such high end tools among retail
investors, only hedge funds will continue to use them, leading to further unequal distribution of
wealth.

7 Further modifications and applications

Figures 4, 5, 6 and 7 for this section can be found on our Github Repository.

7.1 Changing forecasting period to 5 days and 10 days

From Figure 4, we find that reducing the forecasting period to 5 days yielded a satisfactory accuracy
level overall for both prediction (training) and forecasting of NIFTY 50 prices and drifts. Graphs
for the 40 and 50 day training periods were omitted due to computational constraints. Moreover, we
believe that the results for this case are comparable to those discussed in the earlier setting of 10
forecasting days and that a training period of 20 days produces the best results overall.

Increasing the forecasting period to 20 days intuitively suggests a deterioration in the performance our
neural UDE model. As shown in Figure 5, only one graph could be generated due to computational
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limitations, and the model performs poorly for this longer-term forecasting task. This suggests that
our model is not useful for long term investors and traders.

Moreover, since we did not gain any significant improvement in accuracy by altering the forecasting
period, we stick to the 10 day forecasting period for further applications.

7.2 Application to S&P 500 index

As observed in Figure 6, our neural UDE model is not very effective in predicting and forecasting
S&P 500 index prices and drifts. For reference, we provide a sample of two graphs, as given below.

Case (a) Training period: 20 days,
forecast period: 10 days

Case (b) Training period: 30 days,
forecast period: 10 days

Figure 2: S&P 500 index forecasts for two training periods of 20 and 30 days respectively and a fixed
forecasting period of 10 days.

7.3 Application to NASDAQ index

As seen in Figure 7, our model performed extremely well on the NASDAQ index even for longer
training periods and we again note that a 20 day training period gave the best result overall. For
reference, we provide the graph for the 20 and 30 day training periods, as given below.

Case (a) Training period: 20 days,
forecast period: 10 days

Case (b) Training period: 30 days,
forecast period: 10 days

Figure 3: NASDAQ index forecasts for two training periods of 20 and 30 days respectively and a
fixed forecasting period of 10 days.

8 Conclusion

In this paper, we successfully trained varying segments (5, 10, 20, 30, 40, 50) of normalized NIFTY
50 index prices and drift values through our neural UDE model and synergistically used ADAM and
BFGS optimizers to minimize training loss. Then we effectively simulated forecasted price and drift
values for the 10 day forecast period and through appropriate validation metrics, concluded that a
training period of 20 days produced the best results, successfully capturing underlying patterns in the
data and limiting noise. Varying the forecasting period did not lead to any significant improvements.
We further applied our model to the S&P 500 and NASDAQ indices, observing poor performance on
S&P 500 but strong results on NASDAQ, particularly with a 20-day training period.
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