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Why So?
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High Level Architecture of Conversational Platforms
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Cross-lingual learning: learn from other languages
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Different domains
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Supervised Training
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Iron making

(MEZE)
Basic process for producing water
Bituminous coal

Temperature Time
carbon monoxide (CO)

impurities such as carbon and sulfu

Impurity concentration

Steel making (MZ33&)

Process of removing impurities from
water to make steel

This process filters out phosphorus,
sulfur and carbon.

Rolling Process (23 S3&)

This rolling process is divided into two
types, hot rolling and cold rolling.

Continuous casting

> N
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Liquid iron becomes solid

Process to be the source of final result

It is injected into a mold, which is still
liquid, molten steel, cooled and solidified
through a continuous casting machine,
and continuously made into intermediate
materials such as slab, bloom and billet.
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Algorizm Approach

Figure 39: Classification of Machine Learning techniques

Machine Learning / Artificial Intelligence




Data Driven Process & QI

Differentiated in Principle: Al vs. Factor-Driven Investing
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Source: Rothko Investment Strategies
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=  Soft Commodities, etc.

=  Predictive model: Quantify relationship between forward S :
cluster return and inputs .‘
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= We formulate it as a classification problem for each 1
cluster - to that end we build a predictive model = ’
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= Weekly Data, 52 Features, 15 clusters
=  Walk-forward validation






