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Professional Certificate in Risk Modeling with Machine Learning

Machine Learning For Portfolio Optimization

Machine learning has become a central tool for modern portfolio construction, offering new ways to model
risk, predict returns, and allocate assets. In the context of a professional certificate in risk modeling, a solid
grasp of the terminology that bridges finance and data science is essential. The following exposition defines
the most important terms and concepts that students will encounter when applying machine learning
techniques to portfolio optimization. Each entry includes a concise definition, an illustration of its practical
use, and a brief discussion of the challenges that typically arise. The material is organized thematically,
moving from fundamental financial concepts to core machine-learning ideas, then to the specialized
vocabulary that emerges at their intersection.

Asset — Any financial instrument that can be held in a portfolio, such as a stock, bond, commodity, or
derivative. For example, the share of a technology company is an asset that provides a stream of potential
returns and risk exposure. In machine-learning models, assets are often represented as rows in a data
matrix, with each column corresponding to a feature (e.G., Price, volume, or fundamental metric).

Return — The gain or loss generated by an asset over a specific period, usually expressed as a percentage of
the initial investment. A simple one-day return can be calculated as (Pricet — Pricet-1)/Pricet-1.
Machine-learning algorithms frequently target future returns as the dependent variable in a regression or
classification problem.

Risk — The uncertainty associated with an asset’s future return. In quantitative finance, risk is often
quantified by statistical measures such as variance or standard deviation. When training a predictive model,
risk may also be represented by the residual error of the model’s forecasts.

Mean-variance — The classical framework introduced by Harry Markowitz that balances expected return (the
“mean”) against return variability (the “variance”). The efficient frontier is the set of portfolios that achieve
the highest expected return for a given level of variance. Machine-learning techniques can be used to
estimate the inputs to the mean-variance model, such as expected returns and the covariance matrix, more
accurately than traditional historical averages.

Covariance — A measure of how two assets move together. Positive covariance indicates that the assets tend
to rise and fall in tandem; negative covariance suggests opposite movements. In a portfolio, the covariance
matrix captures the pairwise relationships among all assets and is a key input for risk calculations.
Machine-learning methods such as shrinkage estimators or factor models can improve covariance
estimation, especially when the number of assets exceeds the length of the historical time series.
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Correlation — The standardized version of covariance, ranging from -1 to +1. Correlation is often used for
visualizing asset relationships (e.G., Heat maps) and for clustering assets into groups with similar behavior.
Unsupervised learning algorithms like hierarchical clustering or k-means can partition assets based on
correlation patterns, aiding in diversification strategies.

Efficient frontier — The curve that represents the optimal trade-off between risk and return for a given set of
assets. Portfolios on the frontier are “efficient” because no other portfolio offers a higher expected return
for the same risk level. In practice, the efficient frontier is constructed using estimated means and
covariances, which may be refined by machine-learning techniques such as Bayesian shrinkage or
regularized regression.

Sharpe ratio — A risk-adjusted performance metric defined as (Expected return - Risk-free rate)/Standard
deviation. A higher Sharpe ratio indicates a more attractive risk-adjusted return. Machine-learning models
can be optimized to maximize the Sharpe ratio directly, for example by treating the Sharpe ratio as a
custom loss function in a gradient-based optimizer.

Risk-free rate — The theoretical return of an investment with no risk of default, often proxied by the yield on
short-term government securities. In portfolio optimization, the risk-free rate serves as the baseline against
which excess returns are measured.

Alpha — The component of an asset’s return that exceeds the return predicted by a benchmark model (e.G.,
The Capital Asset Pricing Model). Positive alpha indicates outperformance, while negative alpha signals
underperformance. Machine-learning models aim to capture alpha by identifying patterns in data that are
not explained by traditional factor models.

Beta — The sensitivity of an asset's return to movements in a market index, representing systematic risk. A
beta of 1.2 Suggests that the asset tends to move 20 % more than the market in either direction. In
factor-based machine-learning approaches, beta can be estimated as the coefficient on a market factor in a
regression.

Factor model — A statistical model that explains asset returns as a linear combination of common risk factors
plus an idiosyncratic term. The Fama-French three-factor model, for instance, uses market, size, and value
factors. Machine-learning extensions often incorporate additional factors derived from data, such as
momentum, liquidity, or sentiment, and may use regularization to avoid over-fitting.

Factor exposure — The degree to which a portfolio is sensitive to a particular risk factor. It is computed as
the weighted sum of the factor loadings of the individual assets. Portfolio managers may adjust factor
exposures to achieve a desired risk profile; machine-learning can automate this process by solving a
constrained optimization problem that targets specific exposures.

Regularization — A technique that adds a penalty term to the loss function to discourage overly complex
models. Common regularizers include L1 (lasso) and L2 (ridge). In the context of portfolio optimization,
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regularization can shrink estimated coefficients toward zero, which reduces estimation error and can lead to
sparser, more interpretable portfolios.

Lasso — A regression method that applies an L1 penalty, encouraging many coefficients to become exactly
zero. This property is useful for feature selection and for constructing portfolios with a limited number of
assets (cardinality constraints). For example, a lasso-based model may select the ten most predictive stocks
from a universe of one hundred.

Ridge — A regression technique that applies an L2 penalty, which shrinks coefficients toward zero but rarely
makes them exactly zero. Ridge regression is beneficial when multicollinearity among features is high, as it
stabilizes coefficient estimates. In portfolio construction, ridge can be used to produce smoother weight
allocations when assets are highly correlated.

Elastic Net — A hybrid regularization method that combines L1 and L2 penalties. Elastic Net balances sparsity
(from L1) with stability (from L2), making it suitable for high-dimensional financial data where many
predictors are correlated. A typical elastic-net portfolio model might include hundreds of macro-economic
variables while still limiting the number of non-zero asset weights.

Supervised learning — A class of machine-learning algorithms that learn a mapping from inputs (features) to
outputs (labels) using a labeled training set. In portfolio optimization, supervised learning is often employed
to forecast future returns (regression) or to classify assets as “buy” or “sell” (classification). Algorithms
include linear regression, decision trees, random forests, gradient boosting, and neural networks.

Unsupervised learning — Algorithms that identify structure in data without explicit labels. Common
techniques include clustering, principal component analysis (PCA), and autoencoders. In asset management,
unsupervised learning can reveal hidden market regimes, segment securities into similar groups, or reduce
dimensionality for downstream supervised models.

Reinforcement learning — A paradigm where an agent learns to make sequential decisions by interacting
with an environment and receiving rewards. The goal is to maximize cumulative reward over time. In
portfolio management, reinforcement learning can be used to determine optimal trade-execution policies,
dynamic asset allocation, or risk budgeting strategies. The underlying mathematical framework is often a
Markov decision process (MDP).

Markov decision process — A formal model for decision making in stochastic environments, defined by
states, actions, transition probabilities, and reward functions. Reinforcement-learning agents use MDPs to
plan optimal policies. For example, a state could represent the current portfolio composition and market
conditions; an action could be to rebalance a portion of the portfolio; the reward could be the portfolio’s
excess return minus transaction costs.

Policy — In reinforcement learning, the rule that maps states to actions. Policies can be deterministic (a single
action for each state) or stochastic (a probability distribution over actions). The optimal policy maximizes
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expected cumulative reward. In practice, policies are often parameterized by neural networks and learned
through policy-gradient methods.

Value function — A function that estimates the expected return from a given state (or state-action pair)
under a particular policy. The value function guides the learning process by indicating how good a state is.
Temporal-difference learning and Q-learning are common techniques for approximating value functions in
finance.

Gradient descent — An optimization algorithm that iteratively updates model parameters in the direction of
the steepest decrease of the loss function. The step size is controlled by the learning rate. In portfolio
optimization, gradient descent can be used to solve the mean-variance problem when the objective is
expressed as a differentiable loss, or to train neural-network predictors of asset returns.

Stochastic gradient descent (SGD) — A variant of gradient descent that computes the gradient on a
randomly selected mini-batch of data rather than the full dataset. SGD reduces computational burden and
can escape shallow local minima. Financial time-series models often employ SGD because the datasets are
large and constantly updating.

Learning rate — A hyperparameter that determines the magnitude of each update step in gradient-based
optimization. A high learning rate speeds up convergence but may overshoot minima; a low learning rate
yields stable but slow learning. Adaptive learning-rate methods such as Adam or RMSprop are frequently
used in deep-learning models for finance.

Loss function — The objective that a machine-learning model seeks to minimize (or maximize). Common loss
functions include mean-squared error for regression, cross-entropy for classification, and custom risk-aware
losses such as the negative Sharpe ratio. Choosing an appropriate loss function is crucial for aligning model
training with portfolio objectives.

Cross-validation — A technique for assessing model performance by partitioning data into training and
validation subsets multiple times. The most common form is k-fold cross-validation. In finance, careful
cross-validation is needed to respect temporal ordering; a “rolling-window" approach is often employed to
avoid look-ahead bias.

Overfitting — When a model captures noise rather than underlying signal, resulting in excellent performance
on training data but poor out-of-sample results. Overfitting is a pervasive risk in financial modeling because
markets are noisy and data samples are limited. Regularization, cross-validation, and parsimonious model
design are standard defenses.

Underfitting — A model that is too simple to capture the relevant patterns in the data, leading to high bias
and poor performance on both training and test sets. Underfitting can arise from excessive regularization or
from using insufficient features. Balancing bias and variance is a central challenge in building predictive
models for portfolio optimization.
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Feature engineering — The process of creating informative input variables (features) from raw data. In
finance, features may include technical indicators (moving averages, relative strength index), fundamental
ratios (price-to-earnings, book-to-market), macro-economic variables (GDP growth, inflation), and
alternative data (social-media sentiment, satellite imagery). Effective feature engineering can dramatically
improve model predictive power.

Feature scaling — Transforming features to a common scale, typically via normalization (rescaling to [0, 1]) or
standardization (subtracting the mean and dividing by the standard deviation). Scaling is essential for
algorithms that are sensitive to the magnitude of inputs, such as gradient-based methods and
distance-based clustering.

Dimensionality reduction — Techniques that reduce the number of variables while preserving essential
information. Principal component analysis (PCA) is widely used to extract orthogonal factors that explain
most variance in asset returns. Autoencoders, a type of neural network, can also learn compressed
representations. Dimensionality reduction mitigates the curse of dimensionality and helps stabilize
covariance estimates.

Principal component analysis — A linear method that transforms correlated variables into a set of
uncorrelated components ordered by explained variance. In portfolio construction, the first few principal
components often capture the majority of market risk, enabling risk-parity or factor-tilting strategies.
Machine-learning pipelines may apply PCA before feeding features into a regression model.

Autoencoder — A neural-network architecture that learns to reconstruct its input after passing it through a
bottleneck layer, thereby learning a low-dimensional representation. Autoencoders can be trained on
high-frequency price data to extract latent market states that serve as inputs for downstream predictive
models.

Time series — A sequence of observations indexed by time, such as daily closing prices. Time-series data
have autocorrelation and may exhibit non-stationarity, requiring specialized modeling techniques.
Machine-learning models for time series often incorporate lagged values, differencing, or recurrent neural
networks to capture temporal dynamics.

Stationarity — A property of a time series whose statistical characteristics (mean, variance, autocorrelation)
do not change over time. Many classical statistical models assume stationarity; when this assumption is
violated, techniques such as differencing, detrending, or regime-switching models are applied.
Machine-learning pipelines may include stationarity tests (e.G., Augmented Dickey-Fuller) as a
preprocessing step.

Non-stationarity — The condition where a time series exhibits changing statistical properties, often due to
structural breaks, regime shifts, or evolving market conditions. Non-stationarity challenges model stability
and can cause severe out-of-sample degradation. Adaptive learning methods, rolling-window estimation,
and online learning algorithms are common ways to address non-stationarity.
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Rolling window — A technique that repeatedly re-estimates model parameters using the most recent
observations, discarding older data. For example, a 252-day rolling window corresponds to one trading year
of daily data. Rolling windows are used to maintain up-to-date estimates of means, covariances, and model
coefficients, thereby adapting to changing market dynamics.

Walk-forward analysis — A validation approach that mimics real-time deployment by training a model on a
historical window, testing it on the subsequent period, then moving the window forward. Walk-forward
analysis helps evaluate the robustness of a portfolio strategy under realistic conditions and can reveal
over-optimism caused by data snooping.

Backtesting — The process of simulating a trading strategy on historical data to assess its performance. A
backtest must incorporate realistic assumptions about transaction costs, slippage, market impact, and data
latency. Machine-learning-driven strategies often require extensive backtesting to verify that predictive
gains translate into net alpha after costs.

Transaction cost — The expense incurred when buying or selling assets, including commissions, bid-ask
spreads, and market impact. In portfolio optimization, transaction costs are typically modeled as linear or
quadratic functions of trade size. Incorporating transaction costs directly into the objective (e.G., Maximizing
net Sharpe ratio) yields more implementable portfolios.

Market impact — The price change caused by executing a trade, especially for large orders relative to market
liquidity. Models of market impact often assume a concave relationship between trade size and price
movement. Machine-learning can be used to calibrate impact models from historical trade data, allowing
more accurate cost estimation.

Turnover — The proportion of a portfolio that is replaced during a rebalancing period. High turnover implies
frequent trading and higher transaction costs. Turnover constraints are frequently added to optimization
problems to limit trading frequency and preserve portfolio stability.

Cardinality constraint — A restriction that limits the number of assets held in a portfolio. Cardinality
constraints promote interpretability and reduce operational complexity. Solving mean-variance problems
with cardinality constraints is combinatorial; mixed-integer programming, heuristic algorithms, or
regularized regression (e.G., Lasso) are common solution methods.

Risk parity — An allocation philosophy that equalizes the contribution of each risk factor (or asset) to the
overall portfolio risk. In practice, risk parity often leads to leveraged exposure to low-volatility assets and
reduced exposure to high-volatility assets. Machine-learning can estimate risk contributions using factor
models, and optimization algorithms can enforce the parity condition.

Maximum diversification — An objective that seeks to maximize the ratio of portfolio variance to the sum of
individual asset variances, effectively encouraging holdings that are as uncorrelated as possible. This
approach can be expressed as a quadratic programming problem and may be combined with regularization
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to produce sparse, diversified portfolios.

Black-Litterman model — A Bayesian framework that blends market equilibrium returns (derived from a prior
such as the Capital Asset Pricing Model) with investor views expressed as subjective forecasts. The model
produces a posterior expected return vector that can be fed into mean-variance optimization.
Machine-learning can generate the investor views by forecasting asset returns, while the Black-Litterman
machinery handles the combination with market consensus.

Scenario analysis — The evaluation of portfolio performance under a set of predefined market conditions,
such as a sharp interest-rate hike or a commodity price shock. Scenarios may be generated from historical
events, stress-testing frameworks, or Monte-Carlo simulations. Machine-learning models can be used to
simulate plausible future scenarios by sampling from learned distributions of market variables.

Stress testing — A form of scenario analysis that focuses on extreme but plausible market events to assess
portfolio resilience. Regulatory bodies often require stress testing for large institutions. In a data-driven
setting, generative adversarial networks (GANs) have been explored as tools for creating synthetic stress
scenarios that preserve realistic statistical properties.

Value at Risk (VaR) — A risk metric that quantifies the maximum expected loss over a given horizon at a
specified confidence level (e.G., 95%). VaR is commonly estimated using historical simulation,
variance-covariance, or Monte-Carlo methods. Machine-learning can improve VaR estimation by modeling
the conditional distribution of returns with quantile regression or by learning non-linear dependencies
among assets.

Conditional VaR (CVaR) — Also known as Expected Shortfall, CVaR measures the average loss exceeding the
VaR threshold. CVaR is a coherent risk measure, unlike VaR, which may violate subadditivity. Portfolio
optimization problems can be formulated to minimize CVaR, and convex optimization techniques allow
efficient solutions. Gradient-based solvers can incorporate CVaR as a differentiable loss when using smooth
approximations.

Tail risk — The probability of extreme losses occurring in the far ends of the return distribution. Tail risk is
particularly relevant for assets with asymmetric or heavy-tailed return distributions, such as options or
high-yield bonds. Machine-learning models that predict the shape of the distribution (e.G., Mixture density
networks) can be employed to assess tail risk more accurately than Gaussian assumptions.

GARCH model — A class of time-series models that captures volatility clustering by allowing conditional
variance to depend on past squared residuals and past variances. GARCH (Generalized Autoregressive
Conditional Heteroskedasticity) is often used to forecast short-term volatility, which feeds into risk-adjusted
return predictions. Hybrid approaches combine GARCH volatility forecasts with machine-learning return
forecasts to improve overall performance.

Volatility clustering — The empirical observation that high-volatility periods tend to be followed by high
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volatility, and low-volatility periods by low volatility. This phenomenon motivates the use of models like
GARCH or stochastic volatility neural networks that adapt to changing market turbulence.

Alternative data — Non-traditional information sources that may provide predictive signals, such as web
traffic, satellite imagery, credit-card transaction aggregates, or textual sentiment from news articles.
Incorporating alternative data into machine-learning pipelines can enhance return forecasts, but it also
raises challenges related to data quality, privacy, and regulatory compliance.

Sentiment analysis — The extraction of qualitative information (positive, negative, neutral) from textual data
using natural-language-processing (NLP) techniques. In finance, sentiment scores derived from earnings call
transcripts, news headlines, or social-media posts are often used as features in predictive models. For
example, a higher bullish sentiment score may be associated with an increased probability of positive price
movement.

Natural-language-processing (NLP) — A set of computational techniques for analyzing human language.
NLP tools such as tokenization, part-of-speech tagging, and transformer-based embeddings (e.G., BERT)
enable the conversion of unstructured text into numeric features suitable for machine-learning models. In
portfolio optimization, NLP can enrich the feature set with qualitative market insights.

Transformer — A deep-learning architecture that relies on self-attention mechanisms to capture long-range
dependencies in sequential data. Transformers have revolutionized NLP and are increasingly applied to
financial time series, where they can model complex temporal patterns without the recurrence constraints of
traditional RNNs. A transformer-based price-forecasting model may outperform conventional LSTM
networks on high-frequency data.

Long short-term memory (LSTM) — A type of recurrent neural network (RNN) designed to mitigate the
vanishing-gradient problem by incorporating gating mechanisms. LSTMs are popular for modeling
sequential financial data, such as price series or macro-economic indicators, because they can retain
information over extended horizons. LSTM outputs can be combined with other features in an ensemble
model for return prediction.

Ensemble method — A strategy that combines multiple base learners to improve predictive accuracy and
robustness. Common ensembles include bagging (e.G., Random forests), boosting (e.G., XGBoost,
LightGBM), and stacking. In portfolio optimization, ensembles can aggregate forecasts from diverse models
(linear, tree-based, neural) to reduce model risk and enhance stability.

Random forest — An ensemble of decision trees trained on bootstrap samples of the data, with random
subsets of features considered at each split. Random forests are robust to overfitting and provide variable
importance metrics, which can be useful for feature selection in finance. They are frequently used to predict
asset returns or to classify market regimes.

Gradient boosting — An iterative ensemble technique that builds a sequence of weak learners, each
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correcting the errors of its predecessor. Popular implementations include XGBoost, LightGBM, and CatBoost.
Gradient boosting excels at handling heterogeneous data, missing values, and complex non-linear
relationships, making it a go-to method for many financial prediction tasks.

XGBoost — An optimized gradient-boosting library that offers regularization, parallel processing, and
handling of sparse data. XGBoost has become a benchmark in many Kaggle competitions and is widely
adopted in finance for return forecasting, credit scoring, and risk classification. Hyperparameter tuning (e.G.,
Learning rate, max depth, subsample) is crucial to balance bias and variance.

Hyperparameter — A configuration setting that governs the behavior of a learning algorithm but is not
learned from the data. Examples include the number of trees in a random forest, the regularization strength
in ridge regression, or the dropout rate in a neural network. Hyperparameters are typically selected via grid
search, random search, or Bayesian optimization.

Cross-entropy loss — A loss function used for classification tasks that measures the divergence between the
predicted probability distribution and the true label distribution. In finance, cross-entropy may be employed
when the target is a binary indicator such as “price will increase tomorrow.” Minimizing cross-entropy
encourages calibrated probability estimates.

Mean-squared error (MSE) — A regression loss that averages the squared difference between predicted and
actual values. MSE penalizes larger errors more heavily, which can be desirable when large prediction errors
are especially costly for a trading strategy. However, MSE assumes symmetric error costs, which may not
align with asymmetric risk preferences.

Quantile regression — A technique that estimates conditional quantiles of the response variable, allowing
the modeling of tail behavior. For example, a 5% quantile regression predicts the value below which only
5% of outcomes fall, directly informing VaR calculations. Quantile regression can be implemented with
linear models or with gradient-boosted trees that support custom loss functions.

Calibration — The process of adjusting model outputs to align predicted probabilities with observed
frequencies. A well-calibrated model will output a 70 % probability of a positive return exactly when the
event occurs 70 % of the time. Calibration is especially important for risk-aware decision making, as
miscalibrated probabilities can lead to systematic under- or over-estimation of risk.

Interpretability — The degree to which a model’s decisions can be understood by humans. In regulated
environments, interpretability is often required to justify model usage. Techniques such as SHAP values,
LIME, and feature importance plots provide insight into how individual features influence predictions,
enabling risk managers to assess model validity.

SHAP values — A game-theoretic approach that attributes a contribution to each feature for a particular
prediction, based on Shapley values. SHAP offers consistent and locally accurate explanations, making it
valuable for dissecting complex models like gradient-boosted trees or deep neural networks. Portfolio
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managers may use SHAP to identify which macro variables drive a forecasted return spike.

LIME - An interpretability method that fits a simple surrogate model (e.G., Linear regression) locally around
a prediction to explain the influence of features. LIME is useful for generating intuitive explanations for
black-box models, though it may be less stable than SHAP for highly non-linear interactions.

Model risk — The risk that a model’s outputs are inaccurate or misleading due to design flaws, data issues, or
inappropriate assumptions. Model risk management frameworks require documentation, validation, and
ongoing monitoring of machine-learning models used in portfolio construction. Common mitigation steps
include backtesting, stress testing, and independent model review.

Data leakage — The inadvertent inclusion of information in the training set that would not be available at
prediction time, leading to artificially inflated performance. In finance, leakage can occur when future price
data or forward-looking indicators are mistakenly used as features. Rigorous data handling procedures,
such as strict temporal splits, are essential to prevent leakage.

Feature drift — The phenomenon where the statistical relationship between features and the target variable
changes over time. Feature drift can degrade model performance, especially in rapidly evolving markets.
Monitoring drift metrics and retraining models on recent data are common remedies.

Concept drift — A broader form of drift where the underlying data-generating process itself evolves,
potentially altering both the distribution of inputs and the mapping to outputs. Concept drift is common in
finance due to regime shifts, policy changes, or technological disruptions. Adaptive learning algorithms,
such as online gradient descent or ensemble methods with weighted voting, are designed to cope with
concept drift.

Online learning — A learning paradigm where the model updates incrementally as new data arrive, rather
than being retrained from scratch. Online learning is particularly suitable for high-frequency trading
environments where data streams continuously and rapid adaptation is required.

Batch learning — Traditional learning where the model is trained on a fixed dataset all at once. Batch learning
is appropriate when data are relatively static or when computational resources permit periodic re-training
using a rolling window.

Monte-Carlo simulation — A computational technique that generates a large number of random scenarios to
estimate the distribution of portfolio outcomes. Monte-Carlo methods can incorporate stochastic models
for asset returns, interest rates, and volatilities. Machine-learning can be used to learn the joint distribution
of these variables, enabling more realistic scenario generation.

Scenario generation — The creation of plausible future market states for stress testing or risk assessment.
Techniques range from simple historical bootstrapping to sophisticated generative models such as
variational autoencoders (VAEs) or GANs. Scenario generation is a key step when evaluating portfolio
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robustness to extreme events.

Variational autoencoder — A generative model that learns a probabilistic latent space, allowing the sampling
of new data points that follow the learned distribution. VAEs can be trained on historical return series to
produce synthetic paths that preserve statistical properties, useful for Monte-Carlo risk assessment.

Generative adversarial network (GAN) — A framework consisting of a generator that creates synthetic data
and a discriminator that evaluates authenticity. GANs have been applied to generate realistic financial time
series, providing alternative stress scenarios that may capture rare but plausible market dynamics.

Regime detection — The identification of distinct market phases (e.G., Bull, bear, high volatility) based on
statistical patterns. Hidden Markov models (HMMs) and clustering algorithms are common tools for regime
detection. Machine-learning models can be conditioned on the detected regime to adapt their forecasts,
improving performance across varying market conditions.

Hidden Markov model — A probabilistic model where observable data are generated by a sequence of
hidden states following a Markov chain. In finance, HMMs can capture regime shifts by modeling each
regime with its own return distribution. The Viterbi algorithm is used to infer the most likely state sequence
given observed returns.

Markov chain — A stochastic process where the probability of moving to a future state depends only on the
current state, not on the full history. Markov chains underpin many reinforcement-learning and
regime-switching models, providing a tractable framework for modeling transition dynamics.

Policy gradient — A reinforcement-learning method that directly optimizes the policy by estimating the
gradient of expected reward with respect to policy parameters. Policy-gradient algorithms, such as Proximal
Policy Optimization (PPO), have been adapted to portfolio allocation problems where the action space is
continuous (e.G., Weight vectors).

Proximal Policy Optimization (PPO) — An advanced policy-gradient algorithm that balances exploration and
exploitation while maintaining stable updates through a clipped objective function. PPO has been applied
to dynamic asset allocation, where the agent learns to adjust portfolio weights in response to evolving
market signals.

Q-learning — A model-free reinforcement-learning algorithm that learns the value of state-action pairs (the
Q-function) by iteratively updating estimates based on observed rewards. In portfolio management,
Q-learning can be employed to learn optimal trade-execution policies that minimize market impact and
execution cost.

Continuous action space — A setting where the decisions to be made are real-valued vectors, such as
portfolio weights, rather than discrete choices. Solving reinforcement-learning problems with continuous
actions often requires actor-critic architectures, where the actor proposes actions and the critic evaluates
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them.

Actor-critic — A reinforcement-learning architecture that combines a policy (actor) and a value estimator
(critic). The actor selects actions, while the critic provides feedback on the expected return, enabling more
efficient learning in continuous domains. Actor-critic methods have been used to train neural networks that
output optimal asset allocations given market features.

Exploration-exploitation trade-off — The dilemma in reinforcement learning between trying new actions to
discover better strategies (exploration) and leveraging known high-performing actions (exploitation). In
portfolio optimization, excessive exploration may lead to costly trades, while insufficient exploration can
trap the agent in suboptimal allocations. Techniques such as epsilon-greedy policies or entropy
regularization help balance this trade-off.

Entropy regularization — An addition to the loss function that encourages the policy to maintain a certain
level of randomness, preventing premature convergence to deterministic actions. In finance, entropy
regularization can keep the allocation strategy diversified and avoid over-concentration.

Batch normalization — A layer in deep-learning networks that normalizes activations across a mini-batch,
stabilizing and accelerating training. Batch normalization can improve convergence when training deep
networks on financial data, which often exhibit non-stationary distributions.

Dropout — A regularization technique that randomly deactivates a subset of neurons during training,
reducing overfitting by preventing co-adaptation of features. Dropout is widely used in neural networks for
return forecasting, especially when the training set is limited relative to model complexity.

Over-parameterization — The condition where a model contains more parameters than can be uniquely
identified from the available data. Deep neural networks often operate in an over-parameterized regime, yet
they can still generalize well due to implicit regularization effects of stochastic optimization. Nevertheless,
careful monitoring of validation performance is essential to avoid catastrophic overfitting.

Implicit regularization — The phenomenon where certain training algorithms (e.G., SGD) bias the solution
toward simpler models even without explicit regularization terms. Understanding implicit regularization
helps explain why large neural networks sometimes perform well on limited financial data.

Hyperparameter tuning — The systematic search for optimal hyperparameter values using techniques such
as grid search, random search, Bayesian optimization, or population-based training. Proper tuning can
dramatically improve model performance; however, it must be performed within a proper validation
framework to avoid over-optimistic results.

Grid search — An exhaustive enumeration of hyperparameter combinations across predefined intervals.
While simple to implement, grid search becomes computationally expensive as the number of
hyperparameters grows.
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Random search — A strategy that samples hyperparameter configurations randomly rather than exhaustively.
Empirical studies have shown random search to be more efficient than grid search for high-dimensional
hyperparameter spaces, especially when only a few hyperparameters dominate performance.

Bayesian optimization — An iterative approach that models the hyperparameter performance surface with a
surrogate (e.G., Gaussian process) and selects the next point to evaluate based on an acquisition function.
Bayesian optimization can find high-quality hyperparameters with fewer evaluations, making it attractive for
expensive training runs.

Ensemble stacking — A meta-learning technique where the predictions of several base models are combined
using a higher-level learner (often a linear regression or a simple neural network). Stacking can capture
complementary strengths of diverse algorithms, leading to more robust forecasts for portfolio construction.

Bagging — Short for bootstrap aggregating; it reduces variance by training multiple models on different
bootstrap samples and averaging their predictions. Random forests are a classic example of bagging
applied to decision trees. Bagging is particularly effective when individual models are unstable.

Boosting — A sequential ensemble method that focuses on correcting the errors of previous models.
Boosting reduces both bias and variance, often achieving state-of-the-art performance on structured data.
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