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Overview

EVOLUTIQ GmbH is a privately held, independent investment
manager with a quantitative, research -driven investment process.

We offer uncorrelated investment solutions for institutional and
qgualified investors and are headquartered close to Zurich,
Switzerland .

Our main focus lies on developing, designing and implementing
guantitative  trading models to deliver the following investment
values for our clients:

A Strong riskadjusted returns suited to ¢ | i eriskappstite through
a range of different riskprofiles

A Excellent transparency through managed account structures at
each level:trading, reporting and auditing

A Daily liquidity
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Values & Philosophy
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We live our values

Our focus is always pivoted around
creating long term value for our
investors. We prudently test and
investigate until we discover strategies
that deliver sustainable long term

success rather than short time gains.

Our commitment is reflected in our
strategy, p ar t n eapitals alignment
and our business philosophy . We are
committed to our values in every step
we take and everything we say.

Academic

Approach

v

A systematic and
academic approach for
discovering, testing and

validating new ideas

Excellence

in Research

v v v

Research is the primary Dedication to produce We relentlessly seek

factor behi ndunguernvestmentmd s new ideas and tools

ability to deliver unique strategies rather than to create an edge
investment solutions multiple generic  ones in our strategies




Who we are ':::' eVvouLuTIQ

Our Edge

Why Are We Different?

l il 3
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PhD Attractive Ensemble )
Team Sortino Methods Entrepreneurshlp
We are a team of  Attractive return for ~ Pioneersin applying  We know how to

scientists every unit of risk ensemble methods run a business
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The Team

Role: Responsible for the entrepreneurial success
of EVOLUTIQ He combines his expertise in
statistical learning techniques, ensemble
methods and quantitative trading strategies with
his fundamental research skills to maximize
investment profitability .

Experience : Oliver started working in the financial
industry in 2003. Previous roles include multi-
asset-class derivatives trading at Stigma Partners,
a systematic global macro house in Geneva,
research at MSCI (Morgan Stanley Capital Intl.)
and corporate  banking with Commerzbank .
From an entrepreneurial perspective, Oliver has
co -founded several successful start-ups in
Germany, some of them have received awards

Dr. Oliver Steinki, CFA, FRM from the FTGermany, McKinsey or Ernst& Young .
) Oliver is also an adjunct professor teaching
Founding Partner, CEO, CIO algorithmic  trading, portfolio management and

financial analysis at |IE Business School in Madrid
and on the Hong Kong campus of Manchester
BusinessSchool .

Education : Oliver completed his doctoral degree
in financial mathematics at the University of
Manchester and graduated as a top 3 student
from the Master in Financial Management at IE
Business School in Madrid . His doctoral research
investigated ensemble methods to improve the
performance of derivatives pricing models based
on Lévy processes. Oliver isalso a CFA and FRM
charter holder .
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The Team

Role: Responsible for the implementation  of
systematic ensemble trading strategies as well
as the development of ITinvestment systems.
His strengths include symbolic computer
aided calculations and fast-learning pattern
recognition algorithms .

Experience : Peter previously worked for more
than 4 years as a quantitative analyst at
Stigma Partners, where he co -developed the
systematic  trading platform and several
investment decision support tools. Before this,
he worked for Swissquote Bank as a research
engineer  after having spent 3 years
managing Switrol Technologies, which he co -
founded .

Dr. Peter Miko

Education : He holds a PhD in engineering

Partner, COO, Head of Research sciences from the Swiss Federal Institute of
Technology Lausanne (EPFL) as well as a
Master of Science in engineering  from
Technical University of Budapest. In his
doctoral thesis, Peter analyzed the use of
artificial intelligence in decision making and
later classification  of high  dimensional
complex spaces. He furthermore studied
finance and risk management at the
University of Lausanne (UNID).
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The Team

Role: Using her strong mathematical
background, she contributes to the validity
checking of every extension of EVOLUTI Q0 s
core model together with the operational

duties related to the recalibration procedures

at a Terabyte financial data scale.

Experience : Agnes worked as a post-doctoral
scientist at the Swiss Federal Institute of
Technology, Lausanne (EPFL)and previously
at Budapest University of Technology and
Economics . During these more than three
years she led independent projects and
gained experience in  analyzing and
modelling quantitative data .

Dr. Agnes Antal

Research Analyst Education : Agnes gained her PhD degree in
physics at Budapest University of Technology
and Economics (BME) with the result of
Summa Cum Laude . During her PhD studies
she also spent a semester at University of
Stuttgart as a German Academic Exchange
Service (DAAD) fellow. Agnes has strong
analytical skills proven by her third place at
BME University Maths Competition in 2003.
Agnes finished a semester at Master in
Financial Engineering at EPFLin order to get
an introduction to applied finance .
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The Team

Role: Francesco works on enhancing our trading
framework  which uses dedicated hardware
accelerators to be able to increase trading
frequency . Industry standard, low level C/C++
language is used to keep computational
efficiency high without compromise .

Experience : Francesco worked one year as
research assistant at the National Research
Council (CNR, Italy), investigating the
thermodynamics and the conformational stability
of proteins in solution. During his PhD studies, he
became an expert in numerical simulations and
learned how to manage significant research
projects .

Dr. Francesco Comandée

Research Analyst Education : Francesco obtained his PhD degree in
Physics at the Swiss Federal Institute of
Technology, Lausanne (EPFL)with a thesis on spin
dependent processes in organic semiconductors .
In the framework of his doctorate, he led his
research autonomously, acquiring strong
analytical and programming skills Previously, he
graduated with honors in physics at the University
of Palermo. In 2003 he achieved the regional
selection of the Italian Informatics Olympiads .
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The Team

Role: Ziad splits his times between the research
and sales departments . On one hand, he focuses
on researching fundamental market strategies
and portfolio optimization techniques . On the
other hand, he participates in the fundraising &
marketing efforts for EVOLUTI f@éestly
launched multi asset class strategy .
Experience : In hispast role asa 6 Fi naAnahystod
at McKinsey & Company, he applied statistical
and data mining techniques on data pools to
extract intelligence to aid in the decision making
process.

Ziad Mohammad Education_ . Ziad recently _ completed his Mas_,ters
degree in Advanced Finance from IE Business

Sales & Research Analyst School, where he focused his research on
emerging markets and wrote his ma st efmd s
thesis focusing on bubble formations in frontier
markets . Completed his bachelors degree in
Industrial Engineering from Purdue University and a
diploma in Investment Banking from the Swiss
Finance Academy .
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Pred-X Model Strategy

EVOLUTIP@EIX Model is an absolute return,
systematic directional multi asset class CTA strategy .1 t & s
target return is10%p.a. with a target volatility of 7%p.a.
The target Sortino ratio of 1.5 allows to customize the
strategy to achieve investor specific volatility levels
while retaining the target Sortino ratio .

Systematic
Investing

Strategy
Design The Pred-X model is the proprietary in-house developed market

prediction and simulation algorithm of EVOLUTIQ It is built upon
doctoral  research conducted by Dr. Oliver Steinki on the
AerdEmie applicability of ensemble methods in option pricing models by using
Research Lévy processes and was further enhanced by Dr. Peter Mi ko8 s
academic research inthe field of artificial intelligence .

The strategy involves buying and selling various futures based on
fully automated proprietary algorithms that seek to identify short-
term trading opportunities by predicting daily market movements .

11



How we do it
Success Factors Of Quantitative Strategies
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Quantitative  investment strategies are driven by four success factors: trade
frequency, success ratio, return distributions when right/wrong and leverage ratio

0.2

The two graphs show 95% confidence levels of annualized expected returns of two
underlyings exhibiting different volatilities (7.8% annualized for AUDJPY vs. 64.6% for
VIX) and daily trade frequency . The higher the success ratio, the more likely it isto
achieve a positive return over a one year period . Higher volatility of the underlying
d assuming constant success ratio d will lead to higher expected returns

DA}AM}AJ

VIX Index

expected annual return

0.0

The Pred -X Model has a success ratio of more than 55%, which implies a probability
of lessthan 5% of non -positive annual returns

T T T T T
0.50 0.52 0.54 0.56 0.58

model success ratio

The distribution of returns when being

right / wrong is especially important for

strategies with heavy

long or short bias.

Strategies with balanced

long/short

positions on any underlying such as the Pred-X Model are lessimpacted by these
distributional patterns . Downside risk can further be limited through active risk

}/E}/{] management
E'/E}/E Leverage plays an important role to scale returns and can be seenasanoar ti fici al ¢

way to increase the volatility of the traded underlying . For example, a 10 times
. leveraged position on an asset with 1% daily moves is similar to a non -leveraged
position on an asset with 10% daily moves

expected annual return
1
1

T T T T T
0.50 0.52 0.54 0.56 0.58

model success ratio
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How we do it
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| nt roduci ng Hed-&Maddl Bt@egy

Objective

The Pred-X Model is an absolute return,
systematic directional multi asset strategy with
a target Sortino ratio of 1.5 and an annualized
target volatility below 10%

Trading Approach

The program systematically analyzes historical
return distributions of futures contracts to
generate daily trade signals. Trade signal
generation is constructed by forecasting
future performance using Lévy processes in
combination with ensemble methods .
Statistical learning modules based on Lévy
process distributions are applied on historical
data to extract prediction of future returns.
Using ensemble methods, a single composite
module with superior prediction accuracy is
generated by the combination of the
underlying individual  prediction  modules,
filtered on statistical basis, to be ultimately
used to generate the daily trading signals.

Methodology

Pred-X Model is the proprietary in-house developed market prediction and simulation
software of EVOLUTIQ Trading decisions are based on fully automated proprietary
algorithms that seek to identify short-term trading opportunities while optimizing for the
objective risk/return parameters . Riskmanagement and portfolio allocation decisions are
constructed on a fully automated basis according to a defined optimization procedure
without any human intervention or emotional bias.

Portfolio
Construction

Anal)_/5|_s & Trade Generation
Prediction

Data Input Implementation

Léwy Process Predictions
Historical vy combination Risk &
. based market ) .
prices L using allocation Trade
predictions R

ensemble optimization
methods

Input Phase Pred - X Core Model Optimization Phase Execution Phase
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How we do it
Why Lévy Process Models?
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Classical financial

forecasting techniques are built upon the

normal distribution assumption and suffer

from three significant shortcomings :

A

The figures display the superior fitting of VIX
returns by Lévy Process Models relative to

Financial assets do not behave
according to a normal distribution .
Empirical evidence shows that return
distributions exhibit  jumps, are
skewed to the left, have higher
peaks and heavier tails than those of
the normal distribution, hence display
skewness and kurtosis

Return volatilities vary stochastically
over time

Returns and their volatilites are
correlated,  usually negatively  for
equities

the normal distribution

theory and time series

Lévy Process models are more suitable for asset pricing modeling because they are time -
continuous and are appropriate for modeling jumps. Also many Lévy distributions account
for fat tails and skewness conditions ignored by the Normal Distribution. Lévy distributions
allow to adjust for the stochastic volatility and clustering nature exhibited by financial assets
return distributions .

NORMAL: Parameter Estimation GH Parameter Estimation

The Pred-X Model uses a wide range of flexible Lévy Process distributions such as
Generalized Hyperbolic (GH), Normal Inverse Gaussian (NIG) or Hyperbolic (HYP) Processes.

14
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What Are Ensemble Methods ?
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Why Ensemble Methods?

Ensemble learning can provide a critical boost to forecasting abilites and
decision making accuracy . Ensemble methods try to keep or even improve
forecasting bias while at the same time increasing robustness and reducing
variance . Ensemble methods make predictions according to a combination of
base model forecasts and differ in the type of model aggregation scheme
utilized. Ensemble methods are expected to be useful when there isuncertainty
in choosing the best model and when it isimportant to avoid large errors. Both
criteria apply to our context of time seriesforecasting .

A One necessary condition for an
ensemble to be more accurate
than any of its individual members
is to have diverse and accurate Generation
base models, where accurate is
defined as having a low bias

Meta - Data Input

Ensemble

Base Learner Models

A Diverse classifiers make different Ensemble
errors on new data points and are Pruning
therefore not perfectly correlated .
Hence, the strength of an
ensemble depends on the strength
of the individual forecasts (in our
case based on Lévy Process
Models) and a measure of
correlation between their
prediction errors on new data

Filtered Models

Ensemble
Integration

Final Prediction Model

Ensemble learning is a process that initially starts with a
set of base learner models, each of them obtained by
applying a statistical learning process on a training
dataset resulting in a hypothesis. Ensemble methods
construct multiple hypotheses using different multiple
individual base learners and continuously combines them
into an enhanced composite model superior to the
individual models to solve for a particular paradigm .

Common ensemble methods stages

Ensemble Generation

A statistical learning algorithm will be applied on training
data to extract the most promising set of models to solve
for a particular objective

Ensemble Pruning

Using different techniques, reduce the size of models
generated and filtering out the weaker models for the
integration stage

Ensemble Integration

Combination of all pruned models using different
techniques to extract the final prediction model

15
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Pred-X Model Investment Process

Signal Generation & Portfolio Construction

A An ensemble of Lévy process based market models predicts daily market moves
(long/short/neutral)

A All trade signals needed for portfolio construction are automated

EnsembleViethods

A Position sizing and structuring is based on a statistical confidence vote of the

INTELLIGENT ensemble forecast

COMBINATION OF BA
MODELS Trade Implementation & Execution

A Automation and electronic trading supported by managed account platforms
I such as Interactive Brokers 0 Fi n a rAd iv a Isptatfoidn ensure reliability, speed

of execution and provide additional risk measurement / monitoring tools for
investors. It furthermore reduces counterparty risk for investors significantly and
allows them to terminate the advisor relationship at any time

TRADE IMPLEMENTATIO A The execution team provides essential human oversight and surveillance and
can only reduce market exposure during extraordinary market circumstances

A All orders are implemented automatically to avoid human errors. Every order to

VOLATILITY AND SORTINO open a position has a corresponding stop lossorder attached
ADJUSTED PORTFOLID|
CONSTRUCTION RiskManagement

A Systematic risk management techniques to adhere to certain risk limits, to
achieve a pre-specified volatility target and to achieve a more optimal position
sizingand riskdiversification

16



How we do it
Pred-X Model Investment Process
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Step 1

Using multiple learning base models that are
dependent on Lévy process distributions to
predict future market directions . Resulting in a

more accurate fitting in comparison to Normal 01 02 03 04
Distribution Models
1
Step 2 1
model and low error correlation with other models
resulting in a reduced and superior set of models ;
Ensemble Ensemble Ensemble Portfolio Implementation
Generation Pruning Integration Construction
Step 3
Combination of successful models relative to the Model Model
prediction confidence level of each model into Signal
one composite model with a superior forecasting Model Filtered Generation
than any single model . Composite model will 2 Model
rovide signal generation and rules for market ! ! Automated Automated
P 9 9 Model Model Composite ! Optimal Execution
orders 3 3 Model : Allocation
Step 4 Model Filtered
456.. Model
Portfolio construction is automatically optimized
to the target Sortino ratio and volatility relative to Mociel Model
the underlying assets s .
Step 5 Lévy process Model selection Intelligent Position Trade
Automated  execution with third party broker market based with high combination of allocation implementation
ensuring reliability and speed of execution models success rate base models optimization & execution
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Pred-X Model Portfolio Construction
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Step 1: Allocation process

Assuming n traded underlyings, we start the allocation
process with a weight of 1/n per underlying

Step 2: Volatility Equalizing

We scale each underlying position according to its
volatility relative to the target volatility . With V,
representing the target volatility and V,, describing the
volatility of underlying 1, the weight allocation changes
to: 1/n aVv,/ V,, Thisstep scales the volatility of a given
underlying up or down relative to the target volatility
and ensures a similar riskallocation to each underlying

Step 3: Sortino Optimization

We tilt the allocations to overweight strong performing
models and underweight weaker models using the
Sortino ratio as our preferred unit of measure . With S,
representing the average Sortino ratio of all traded
underlyings and §,, denoting the Sortino ratio of
underlying 1, the final allocation formula changes to
1n av,/ V,;aS,, / Sy,

The following example will clarify this process:

L e ta8ssime we trade n = 10 underlings, underlying 1 has a
volatility of V,;= 20%, the target volatiity V, is 10%, the
average Sortino ratio S, of all traded underlings is 1 and
underlying 1 has a Sortino ratio S,; of 1.5. The final weight
allocation would then be calculated as follows : 1/10 810%/

20%al5/ 1=7.5%

FX Futures
EUR.USD
EUR.GBP
USD.GBP
USD.JPY
USD.CAD
USD.AUD
GBP.JPY
AUD.JPY
AUD.CAD

Rates Indices Commodities
Investment Universe:
BOBL (DE 2yr) L
Schatz(DE Syr) SI/;X Only futures to ensure liquidity

Bund(DE 10y1) ¢ ()rosTOXX, & low transaction costs

Gilts(UKL0yr)  cac 40

US10yr FTSE Gold
USS5yr NIKKEI Silver
UsS2yr HANG SENG Platinum

A2 SSIp LS eleRel R RS D QN QREEINEEREY o  Pred - X Model current underlyings
FGBL FLG TY FV TU RP BP JY CD AD ED

Allocation Process

Volatility Adjustment I'I’ﬂ

Sortino
Optimization
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Our results

Pred-X Model Strategy Back -testing Results
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Performance Pred-X Model Strategy S&P500 MSCI World Barclays Hedge New Edge CTA

(July 2008 - May 2015)* Fund Index Index
Total Return 70.19% 64.28% 30.19% 37.68% 23.81%
Annualized Return 8.09% 7.53% 3.89% 4.79% 3.14%
Annualized Volatility 8.20% 13.56% 14.83% 6.11% 6.02%
Annualized Downside Volatility 4.20% 8.70% 9.64% 4.06% 3.11%
Max Drawdown 9.91% 21.35% 45.06% 19.21% 11.60%
Max Drawdown Duration (Days) 270 840 960 720 1320
Sharpe Ratio 0.99 0.56 0.26 0.78 0.52
Sortino Ratio 1.93 0.87 0.40 1.18 1.01
Treynor Ratio 3.01 NA 0.17 0.41 1.42
Percentage of Winning Months 63.41% 63.41% 55.42% 63.41% 56.63%
Percentage of Loosing Months 36.59% 35.37% 43.37% 36.59% 42.17%
Percentage of Netural Months 0.00% 1.22% 1.20% 0.00% 1.20%
Average Monthly Profit 2.17% 3.48% 3.90% 1.56% 1.75%
Average Monthly Loss -1.87% -4.19% -3.94% -1.57% -1.69%
Worst Month -8.90% -16.94% -19.05% -8.41% -4.48%
Best Month 11.60% 10.77% 10.91% 5.57% 5.61%

*Monthly data
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Pred-X Model Strategy Back -testing Results

The Pred-X Model strategy back -
test results show steady and
superior  performance to the
traditional market indices and
other hedge fund strategies .

The strategy also exhibits
resilience during the financial
market crisis (2008-2009) whereas
other market strategies performed
poorly, and the S&P500 index
experienced a sharp drawdown .

The total return presented by
Pred-X Model outperforms the
S&P500 index by almost two -fold
while offering lower drawdown
levels, as shown in the graph on
the right.
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