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The Artificial Intelligence Finance Institute’s (AIFI) mission is to be the world’s leading
educator in the application of artificial intelligence to investment management, capital
markets and risk. We offer one of the industry's most comprehensive and in-depth
educational programs, geared towards investment professionals seeking to understand and
implement cutting edge AI techniques.

Taught by a diverse staff of world leading academics and practitioners, the AIFI courses teach
both the theory and practical implementation of artificial intelligence and machine learning
tools in investment management. As part of the program, students will learn the
mathematical and statistical theories behind modern quantitative artificial intelligence
modeling. Our goal is to train investment professionals in how to use the new wave of
computer driven tools and techniques that are rapidly transforming investment
management, risk management and capital markets.
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Learn Regression 
Function

𝑓𝑓:ℝ𝑛𝑛 → ℝ

Given: Inputs and 
outputs

(𝑋𝑋𝑖𝑖 ,𝑌𝑌𝑖𝑖)

Regression

Learn Class 
Function

𝑓𝑓:ℝ𝑛𝑛 → 1, … ,𝑘𝑘

Given: Inputs

(𝑋𝑋𝑖𝑖)

Classification Clustering

Learn Class 
Function

𝑓𝑓:ℝ𝑛𝑛 → 1, … ,𝑘𝑘

Given: Inputs and 
outputs

(𝑋𝑋𝑖𝑖 ,𝐶𝐶𝑖𝑖)

Learn 
Representer

function

𝑓𝑓:ℝ𝑛𝑛 → ℝ𝑘𝑘

Given : Inputs

(𝑋𝑋𝑖𝑖)

Representation
Learning

Learn Reward 
Function

𝑓𝑓:ℝ𝑛𝑛 → ℝ

Given : Tuples

(𝑋𝑋𝑖𝑖 ,𝑎𝑎𝑖𝑖 , 𝑋𝑋𝑖𝑖+1)

Learn Policy
Inverse 

Reinforcement 
Learning

Learn Policy 
Function

𝑓𝑓:ℝ𝑛𝑛 → ℝ𝑘𝑘

Given : Tuples

(𝑋𝑋𝑖𝑖 ,𝑎𝑎𝑖𝑖 , 𝑋𝑋𝑖𝑖+1, 𝑟𝑟𝑖𝑖)

Supervised
Learning

Unsupervised
Learning

Reinforcement
Learning

DescriptivePredictive or Descriptive Prescriptive
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k-Means,
FuzzyC-Means

UNSUPERVISED
CLUSTERING

Hierarchical

Neural Networks

Gaussian Mixture

Hidden Markov Models

SUPERVISED

Multilayer Perceptron

Deep Learning

Convolutional Neural 
Networks

Long Short Term Memory

Restricted Boltzman Machine

Neural Networks

REGRESSION

Decision Trees

Ensemble Methods

Non-linearReg.
(GLM, Logistic)

Linear Regression

Support Vector Machines

CLASSIFICATION

Discriminant Analysis

Naïve Bayes

Nearest Neighbors

CART Reinforcement
Learning
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• Classic Theorems on Compression and Model Selection

• Minimum Description Length principle - The fundamental idea in MDL is to view learning as data
compression. By compressing the data, we need to discover regularity or patterns in the data with
the high potentiality to generalize to unseen samples. Information bottleneck theory believes that
a deep neural network is trained first to represent the data by minimizing the generalization error
and then learn to compress this representation by trimming noise.

• Kolmogorov Complexity – Kolmogorov Complexity relies on the concept of modern computers to
define the algorithmic (descriptive) complexity of an object: It is the length of the shortest binary
computer program that describes the object. Following MDL, a computer is essentially the most
general form of data decompressor.

• Solomonoff’s Inference Theory - Another mathematical formalization of Occam’s Razor is
Solomonoff’s theory of universal inductive inference (Solomonoff, 1964). The principle is to favor
models that correspond to the “shortest program” to produce the training data, based on its
Kolmogorov complexity
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• The expressive power of DL models - Deep neural networks have an extremely large number of
parameters compared to the traditional statistical models. If we use MDL to measure the complexity
of a deep neural network and consider the number of parameters as the model description length, it
would look awful. The model description can easily grow out of control. However, having numerous
parameters is necessary for a neural network to obtain high expressivity power. Because of its great
capability to capture any flexible data representation, deep neural networks have achieved great
success in many applications.

• Universal Approximation Theorem - The Universal Approximation Theorem states that a
feedforward network with: 1) a linear output layer, 2) at least one hidden layer containing a
finite number of neurons and 3) some activation function can approximate any continuous
functions on a compact subset of to arbitrary accuracy. The theorem was first proved for sigmoid
activation function (Cybenko, 1989). Later it was shown that the universal approximation
property is not specific to the choice of activation (Hornik, 1991) but the multilayer feedforward
architecture.

• Stochastic processes
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• Deep Learning and Overfitting ( 1 )

• Modern risk curve for Deep Learning

• Regularization and Generalization error - Regularization is a common way to control overfitting
and improve model generalization performance. Interestingly some research (Zhang, et al. 2017)
has shown that explicit regularization (i.e. data augmentation, weight decay and dropout) is
neither necessary or sufficient for reducing generalization error.

• Intrinsic Dimension (Li et al, 2018). Intrinsic dimension is intuitive, easy to measure, while still
revealing many interesting properties of models of different sizes. One intuition behind the
measurement of intrinsic dimension is that, since the parameter space has such high
dimensionality, it is probably not necessary to exploit all the dimensions to learn efficiently. If we
only travel through a slice of objective landscape and still can learn a good solution, the
complexity of the resulting model is likely lower than what it appears to be by parameter-
counting. This is essentially what intrinsic dimension tries to assess.
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• Deep Learning and Overfitting ( 2 )

• Heterogenous layer robustness - Zhang et al. (2019) investigated the role of parameters in
different layers. The fundamental question raised by the paper is: “are all layers created equal?”
The short answer is: No. The model is more sensitive to changes in some layers but not others.
Layers can be categorized into two categories with the help of these two operations:

• Robust Layers: The network has no or only negligible performance degradation after re-
initializing or re-randomizing the layer.

• Critical Layers: Otherwise.

• Lottery ticket hypothesis - The lottery ticket hypothesis (Frankle & Carbin, 2019) is another
intriguing and inspiring discovery, supporting that only a subset of network parameters have
impact on the model performance and thus the network is not overfitted. The lottery ticket
hypothesis states that a randomly initialized, dense, feed-forward network contains a pool of
subnetworks and among them only a subset are “winning tickets” which can achieve the
optimal performance when trained in isolation.
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• Deep Learning and Optimization

• Convexity, even locally, cannot be the basis of analysis for over-parameterized systems

• But what mathematical property encapsulates ability to optimize by gradient descent for
landscapes. It turns out that a simple condition proposed in 1963 by Polyak is sufficient for
eficient minimization by gradient descent.

• This PL-condition for Polyak and also Lojasiewicz, who independently analyzed a more general
version of the condition in a different context is a simple first order inequality applicable to a
broad range of optimization problems.

• .
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Bias – Variance Trade - OFF

Suppose we have t a model 𝑓𝑓(𝑥𝑥) to some training data 𝑇𝑇𝑟𝑟, and let
(𝑥𝑥0;𝑦𝑦0) be a test observation drawn from the population. If the true
model is 𝑌𝑌 = 𝑓𝑓(𝑋𝑋) + 𝜖𝜖 (𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑓𝑓(𝑥𝑥) = 𝐸𝐸( |𝑌𝑌 𝑋𝑋 = 𝑥𝑥)),
then

𝐸𝐸 𝑦𝑦0 − 𝑓𝑓(𝑥𝑥0) 2 = 𝑉𝑉𝑎𝑎𝑟𝑟(𝑓𝑓(𝑥𝑥0)) + [𝐵𝐵𝑤𝑤𝑎𝑎𝐵𝐵(𝑓𝑓(𝑥𝑥0))]2+ 𝑉𝑉𝑎𝑎𝑟𝑟(𝜖𝜖)

The expectation averages over the variability of 𝑦𝑦0 as well as the
variability in 𝑇𝑇𝑟𝑟.

Note that 𝐵𝐵𝑤𝑤𝑎𝑎𝐵𝐵(𝑓𝑓 𝑥𝑥0 = 𝐸𝐸 𝑓𝑓 𝑥𝑥0 − 𝑓𝑓(𝑥𝑥0).

Typically as the flexibility of 𝑓𝑓 increases, its variance increases, and its
bias decreases. So choosing the flexibility based on average test error
amounts to a bias-variance trade-o.



Double Descent Risk Curve



1. Zero training error on random labels: Zero empirical risk can also be achieved for random
labels using the same architecture and training scheme with only slightly increased training
time.

2. Lack of explicit regularization: The test error depends only mildly on explicit regularization like
norm-based penalty terms or dropout.

3. Dependence on the initialization: The same NN trained to zero empirical risk starting from
different initializations can exhibit different test errors: This indicates that properties of the
local minimum at fs to which gradient descent converges might be correlated with its
generalization.

4. Interpolation of noisy training data: One still observes low test error when training up to
approximately zero empirical risk using a regression (or surrogate) loss on noisy training data.
This is particularly interesting, as the noise is captured by the model but seems not to hurt
generalization performance.

5. Further over-parametrization improves generalization performance: Further increasing the NN
size can lead to even lower test error:

This suggests that the generalization performance of NNs depends on an interplay of the data
distribution PZ , the real distribution and combined with properties of the learning algorithm. A.

Deep Architectures – Empirical Findings



Modelers use rich prior knowledge about the world in order to efficiently learn new concepts. These
priors - also known as ”inductive biases” - pertain to the space of internal models considered by a
learner, and they help the learner make inferences that go beyond the observed data An inductive bias
is a property that allows a learning algorithm to prioritize one solution (or interpretation) over another,
independent of the observed data.Inductive biases can express assumptions about either the data-
generating process or the space of solutions.

• Maximum conditional independence: if the hypothesis can be cast in a Bayesian framework, try to
maximize conditional independence. This is the bias used in the Naive Bayes classifier.

• Minimum cross-validation error: when trying to choose among hypotheses, select the hypothesis with
the lowest cross-validation error.

• Maximum margin: when drawing a boundary between two classes, attempt to maximize the width of the
boundary. This is the bias used in support vector machines. The assumption is that distinct classes tend to
be separated by wide boundaries.

• Minimum description length: when forming a hypothesis, attempt to minimize the length of the
description of the hypothesis. Minimum features: unless there is good evidence that a feature is useful, it
should be deleted. This is the assumption behind feature selection algorithms.

• Nearest neighbors: assume that most of the cases in a small neighborhood in feature space belong to the
same class.

Inductive Biases Machine Learning
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Deep Architectures in Finance – Pros/cons

• Pros

• State of the art results in factor models, time series, classification
• Deep Reinforcement Learning
• XGBoost as a competing model

• Cons

• Non Stationarity – Out of Distribution Events – Causality / Structure
• Interpretability
• Overfitting ?
• Enough data?
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Deep Learning for Equity Time Series Prediction
Joint work with Aymeric Moulin and Gilberto Batres



Long Short Term Memory Networks
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Long Short Term Memory Networks



Long Short 
Term
Memory
Networks

We train one model for each 
stock. The
data was divided into three 
portions, 75% train set, 12:5% 
validation set, and 12:5% test 
set. 
We use data for those stocks 
where data is available from 
1980-01-01 to 2020-07-31.



Long Short 
Term
Memory
Networks

To assess the quality of the prediction, we use conventional MAE and MSE. We also use the hit-ratio (HR) for
computing the ratio for the number of times the model is right in its predictions.
We build a straightforward strategy using HR prediction accuracy. The long-short strategy consists of updating
a portfolio daily by holding a long position on stocks where we predict a positive return and a short position on
stocks where we predict a negative return ( or long position and at
position for the long-only strategy).



Deep Learning for Equity Time Series Prediction - Conclusion



Deep Learning for Equity Time Series Prediction - Conclusion
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The Performance Curve in Financial Time Series

Joint work with Sonam Srivastava



Performance Curve in Financial Time Series



Financial Engineering Generalization Error



Our approach is to use different financial datasets and algorithms to construct a theory over
performance curve in financial time series.
We run this experiment in supervised time series prediction using a set containing three indices:

• S&P 500 Index
• FTSE 100 Index
• MSCI Emerging Market Index

We use daily OHLC data for the experiment.
The data under consideration is from Jan 1st 2010 to Jan 1st 2019. We use 5% of the data at the
end of the period as testing set and rest of the data as the training set.
We are trying to forecast the next period return using data with a lookback of 20 days.

Deep Architectures in Finance



LSTM´s Performance Curve



Random Forests Performance Curve



Deep Neural Networks Performance Curve



XgBoost Performance Curve



Performance Curve in Financial Time Series
Conclusion
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