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Figure 1: Tree Ensemble Model. The final predic-

tion for a given example is the sum of predictions w ‘o S .p
from each tree. ) = lom n ﬁh
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Algorithm 1: Exact Greedy Algorithm for Split Finding

Input: I, instance set of current node

Input: d, feature dimension

gain < 0

G ier 9 H <2 e i

for k=1 to m do

GrL + 0, HL + 0

for j in sorted(I, by x;;) do
GL(—GL—i-gj, HL<—HL—|-hj

GR(—G—GL, Hgr < H — Hy,
G Gk G2
score < max(score, g5 + 745 — wN)

end

end
Output: Split with max score
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Raboosr Yyperintimelen (1 4o

funed)

learning_rate
alias:eta
max_depth

gamma
alias: min_split_loss
min_child_weight

subsample

colsample_bytree

max_delta_step

(0
¥

lambda >\

[0, inf) Decreasing prevents
overfitting.

[0, inf) Decreasing prevents
overfitting.

[0, inf) Increasing prevents
overfitting.

[0, inf) Increasing prevents
overfitting.

(0, 1] Decreasing prevents
overfitting.

(0, 1] Decreasing prevents
overfitting.

[0, inf) Increasing prevents
overfitting.

[0, inf) Increasing prevents

overfitting.

Shrinks the tree weights in
each round of boosting.
The depth of the tree. 0 is an
option in a loss-guided
growing policy.

Low values, usually lower than
10, are standard.

The minimum sum of weights
required for a node to split.
Limits the percentage of
training rows for each
boosting round.

Limits the percentage of
training columns for each
boosting round.

Only recommended for
extremely imbalanced
datasets.

L2 regularization of weights.
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Exangle P(w’;s

Up 3, 4th & 1, 14 yards from opponent end zone

Qtr 2, 03:58 | Timeouts: Off 0, Def 3

4th down decision bot

Win % if
Win % Success %! Fail Succeed -—> CIN (3) @ KC (6) <---
Go for it 72 68 64 76 KC has 4th & 1 at the CIN 14
Field goal attempt 68 94 62 69 Recommendation (STRONG): @ Go for it (+3.8 WP)
1 Likelihood of converting on 4th down or of making field goal Actual play: @ (Shotgun) PMahomes pass short right to T.Kelce for 14
Source: @ben_bot_baldwin yards, TOUCHDOWN. H.Butker extra point is GOO
(a) (b)

Figure 6: Baldwin’s decision making for example play 1.

Up 1, 4th & 5, 71 yards from opponent endzone
Qtr 3, 5:53 | Timeouts: Off 3, Def 3 | Point Spread: 3

decision WP ) success prob WP if fail WP if succeed baseline coach %
Punt 0.440 | 0.934
Go for it m 0.426 0.345 0.557 0.066
Field goal 0.345 0.000 0.345 0.548 0.000

win probability added by
making that decision
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Up 6, 4th & 1, 66 yards from opponent endzone
Qtr 4, 2:00 | Timeouts: Off 2, Def 0 | Point Spread: -6.5

decision WP \ success prob WP if fail WP if succeed baseline coach %
Goforit ReKP¥A [ 0.691 0.783 0.991 0.229
Punt 0.771
Field goal 0.783 0.000 0.783 0.980 0.000

win probability added by
making that decision
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Down 7, 4th & 4, 4 yards from opponent endzone
Qtr 1, 6:02 | Timeouts: Off 3, Def 3 | Point Spread: 8.5
decision WP ' success prob WP if fail WP if succeed baseline coach %
Field goal 0.987 0.11 0.184 0.849
Go for it 0.165 0.467 0.11 0.228 0.151
Punt 0.099 0.000
win probability added by
making that decision
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