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All started with a simple Script
Has been running for 7 Years, every 15 minutes.



The cumulative impact of 
automating something super 
basic is often massive. 



https://cloud.google.com/customers/rezco-siatik-systems/

https://cloud.google.com/customers/rezco-siatik-systems/


What we do.

Seamlessly bring together 

technology and human talent

to find great investment opportunities



How we 
structure

the problem

Feature Engineering

Data Engineering

Trading Portfolio Construction

Machine Learning

FE

MLDE

TD PT



The Reality.

FE

MLDE

TD PT



Meet.

An event based
operating system which 

allows us to 
frictionlessly develop, 
train, test and deploy 
deep learning models 

across assets and 
markets



Everything as Events.
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Jan Krynauw

CEO, actuary
17 years finance exp 

Richardt Benade

Data engineer

James Spanjaard

CIO, Harvard MBA, ex 
Boston Consulting 

Group - ai initiative 

CORE 
TEAM

ANALYSTS

GLOBAL 
PARTNERS

Nicholas Breckwoldt

Machine Learning Engineer
PhD (cum laude) (Chemical Engineering)

Raven Aucamp

Data Engineer
BSc Hons Astrophysics

Nic Murhpy

Bridge Engineer
MSc (cum laude) in Advanced Analytics



Our Team.



Our Team.



Communication.
alis_ → Human

http://drive.google.com/file/d/1whGHnL3oIRrFVmSop7pTLz7hAD1WFDsh/view


https://public.os.alis.fund



Human in the Loop... or Not?

DE FE ML PT TD

? ?alis_ Human



v

Data Pipelines are Hard
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We source data from various sources / technologies / 

humans

alis_ handles 99.9% of pipelines.

DE FE ML PT TD alis_ Human
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What about inconsistencies?
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DE FE ML PT TD alis_ Human



v

alis_ enters UMUNTU state
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DE FE ML PT TD



v

alis_ enters UMUNTU state
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DE FE ML PT TD alis_ Human
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Feature Engineering
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Smart approaches to search in the low signal to noise 

ocean of possible features, normalizations and 

interactions

DE FE ML PT TD
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How to avoid boiling the ocean?

DE FE ML PT TD

basic set of inputs

180,000+ features*

*150 inputs x 200 points in time x 6 transforms 
21



v

Exploit strengths of man vs machine

DE FE ML PT TD alis_ Human

Run 7600 vCPUs in parallel to 

calculate feature importance 

scores

Visually analyse importance 

scores to inform feature

decisions

subtle pattern recognitioncheap computation



v

Portfolios
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Translate the predictions from the ML models into the 

language of an analyst.

DE FE ML PT TD
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v

alis_ as a member of the Investment Team
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DE FE ML PT TD alis_ Human
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Machine Learning
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Managing the immense dimensionality problems of 

modeling in markets

DE FE ML PT TD



What we do is Hard.

Interactions are non-linear 
and high dimensional

Disparate Dirty Datasets Markets are Not Stationary

01 02

03

Large Search Space in 
Finance

04

Low Signal to Noise Ratio

05



Interactions are non-linear and high dimensional03

Deep Learning removes friction from traditional screening methods
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Laptop & 
Grade 12
(1 teraflops)

Laptop
& R Studio, Matlab

(2 teraflops)

Laptop (with GPU) & 
Keras

(2 + 4 teraflops NVIDIA Tesla 
K80 @ R 50k)

A few GPUs & Keras
(2 + 12 teraflops)

Cloud Compute & 
Keras

(100 teraflops NVIDIA V100 @ 
R 250k)

Cloud Compute & 
Distributed ML

(1000 teraflops)

Cloud Compute & 
Distributed ML & 

Workflow Framework
(10 000 teraflops)

Cloud Compute & 
Distributed ML & 

Workflow Framework
(100 000+ teraflops)

Curse of 
Dimensionality
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Model architecture (MLPs, CNNs or RNNs)

01

Model hyperparameters (number of layers, number of hidden units 
per layer, pooling, dropout)

03

Problem type (regression vs classification)

04

More complex architectures (SNN, ResNet, Gated CNN, LSTM, GRUs, 
Dilated CNNs, Separable CNNs)

06

Activation functions (ReLU, leaky ReLU, swish, GELU)05

DE FE ML PT TD

5 Markets, 11 Sectors07

Number of Models

2

02 Label choice (say 10 label types)

Little ‘t’...say last 10 years, quarterly models08

2060240960320051k2 m
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Neural Architecture Search (NAS)
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DE FE ML PT TD

Automate the search for good 

architectures/hyperparameters with NAS

State-of-the-art results in Computer Vision, 
beating human-designed architectures

Humans aren’t good at high-dimensional search, 
so we let alis_ handle it

alis_ Human



Collaborative
Community



Thank you



Contact Us

Jan Krynauw
jan@alis.fund | +27 82 928 4511

@jankrynauw         jankrynauw jankrynauw

www.alis.fund | www.rezco.co.za | 114 West Street, Sandton, 2196


