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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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Deep Neural Networks 

How it Works 
Inspired by the human brain, a neural network consists of 
highly connected networks of neurons that relate the inputs 
to the desired outputs. The network is trained by iteratively 
modifying the strengths of the connections so that given 
inputs map to the correct response. 
Best Used... 
• For modeling highly nonlinear systems 
• When data is available incrementally and you wish to 
constantly update the model 
• When there could be unexpected changes in your 
input data 
• When model interpretability is not a key concern 

Neural Networks 
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Deep Architectures in Finance – Pros and cons 

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

 
 

• Cons 
 
• Non Stationarity 
• Interpretability 
• Overfitting 
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Modeling Aspects 



• 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 

 
 

Deep Architectures in Finance 



 
• 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. 
 

Deep Architectures in Finance 



Deep Architectures in Finance – Model 

Risk - W shape Bias-Variance ? 

In a recent paper by  Belkin et al. (2018) they reconciled the traditional bias-variance 

trade-offs and proposed a new double-U-shaped risk curve for deep neural networks. 

Once the number of network parameters is high enough, the risk curve enters another 

regime. 
The paper claims that it is likely due to two reasons: 
• The number of parameters is not a good measure of inductive bias, defined as the set of 

assumptions of a learning algorithm used to predict for unknown samples 
• Equipped with a larger model, we might be able to discover larger function classes and further 

find interpolating functions that have smaller norm and are thus “simpler”. 



• 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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Time Series 



Long Short Term Memory Networks 

 

 



Long Short Term Memory Networks 

 

 



Long Short Term Memory Networks 

 

 



Long Short Term Memory Networks - Results 

 

 



Long Short Term Memory Networks - Conclusions 

 

 



• Model out of sample results – 3-2016 – 9/2019 
 
 
 
 
 
 
 
 
 

  
 

Other Time series Results – Joint work with 

Sonam Srivastava 

Abs Error Returns ARIMA SVR DeepReg CNN LSTM

VZ 5.076315 5.217527 5.074014 5.719326 5.687398

JPM 5.568193 5.977256 5.560975 5.903769 6.180781

IBM 5.300373 5.52681 5.347594 6.468016 5.557617

GE 7.632332 7.852825 7.675091 8.514779 8.788238

AAPL 6.987491 6.762491 6.897164 7.663094 7.33361
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Factor Models 



• 218 SP 500 Stocks - Selection of the x top performing stocks from the universe 
• each out-of-sample period. 
• Bloomberg Factors 

 
 

  
 

Factor Model Results 

Linear Regression FFWD Neural Network 
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Language Models 



Historical Growth of Unstructured & Structured Data 



Natural Language Processing Levels 



Natural Language Processing Applications 

Applications range from simple to complex: 

• Spell checking, keyword search, finding synonyms 

• Extracting information from websites such as  product price, dates, location, people or 
company names 

• Classifying: reading level of school texts, positive/negative sentiment of longer documents 

• Machine translation 

• Spoken dialog systems 

• Complex question answering 

NLP in Industry 

• Online advertisement matching 

• Search 

• Automated/assisted translation 

• Sentiment analysis for marketing or finance/trading 

• Speech recognition 

• Chatbots / Dialog agents 

• Automating customer support 

• Controlling devices 

• Ordering goods 



Representations of NLP Levels: Morphology 



NLP Tools: Parsing for sentence structure 

Neural networks can accurately determine the structure of sentences, supporting 
interpretation 



Representations of NLP Levels: Semantics 



NLP Applications: Sentiment Analysis 

• Traditional: Curated sentiment dictionaries combined with either bag-of-words 
representations (ignoring word order) or handdesigned negation features (ain’t 
gonna capture everything) 
• Same deep learning model that was used for morphology, syntax and logical 
semantics can be used! - RecursiveNN 



How do we represent the meaning of a word? 



Representing words as discrete symbols 



Representing words by their context 



Word Vectors 



BERT Model 

● BERT stands for Bidirecccional Encoder Representations from Transformers 



BERT Model Architecture 

Transformer encoder 

● Multi-headed self attention 
○ Models context 

● Feed-forward layers 
○ Computes non-linear hierarchical features 

● Layer norm and residuals 
○ Makes training deep networks healthy 

● Positional embeddings 
○ Allows model to learn relative positioning 



BERT Model Architecture 

● Empirical advantages of Transformer vs. LSTM: 

1. Self-attention == no locality bias 

● Long-distance context has “equal opportunity” 

2. Single multiplication per layer == efficiency on TPU 

● Effective batch size is number of words, not sequences 
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BERT Results with IMDB Data Set – Joint work with 
Tinghao Li 

• BERT Base version 110 million parameters 

• After 17 minutes training in one GPU core, it achieved 97% accuracy 
for the classification with F1 score at 96% 
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Deep Reinforcement Learning 



Defining the RL problem 

In RL, we want to find a sequence of actions that maximize expected rewards or 
minimize cost. 
 
 
 
 
 
 
 
 
 
 
But there are many ways to solve the problem. For example, we can 
• Analyze how good to reach a certain state or take a specific action (i.e. Value-

learning), 
• Use the model to find actions that have the maximum rewards (model-based 

learning), or 
• Derive a policy directly to maximize rewards (policy gradient). 
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Conclusions 
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