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Objective
Design a predictive model to provide pitch
sequence recommendations
Analyze Pitcher and Batter tendencies
Provide a probability distribution across

Evaluate Outs
An XGBoost classifier
predicts the likelihood
of each out type fora
given pitch and
matchup. The model

Evaluate State
Another XGBoost
classifier predicts
whether a pitch will
result in a ball or strike,
to help transition the

Evaluate RE

Our model uses a
precomputed Run
Expectancy (RE) table to
steer recommendations
toward favorable pitcher

Model Architecture
This diagram highlights the 5 stages of

our pitch inference process.

Model Server
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Technical Challenges
Fastball Class Imbalance - Fastballs are the
most common pitch in baseball, which causes
the model to favor recommending fastballs
Limited Batter Features — Only had access to
public data to train the RNN, no swing metrics
Model Design — One RNN vs. a Two Stage
Approach, predicting pitch group then type.
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A power mean formula combines the
RNN, out type, and run expectancy
scores into a single value, where the
exponent p controls how much
weight is given to the strongest-
performing component (a higher p-
value amplifies the influence of the
larger values of the input).
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