Optimizing Baseball
Fielder Positioning
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CHAPTER 01

Intfroduction
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O1 Introduction

o =Hl 21X ZI==1Jl SKEHII?

O =HIC K4 ==0 &2 &4

- SR EH}OI2 & & 2|4zt - SHI (Bayesian, Logistic)
- B X2 Q| 7HO| OkeE O 20l IS AH2ITL? - ML (XGBoost, SGD)
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01 Introduction
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CHAPTER 02

Modeling
Batter Distributions

EtXI& EIX2 22X p(h, v, s) 8IS




02 Modeling

S0

m
1]
™

Spray angle (h) I 2= - —45°(38) ~ +45°(18)

m
11
0

Launch angle (v) 5t 2= - ground ball < 10° < line drive < 25° < fly ball < 50° < pop-up

Exit speed (s) Et7 £ (mph) - B2 90 mph B2
Pulled vs Oppo SHHXIJ| vs ZOIXIT| - ZHLEIK 23 S
wOBA OFEO| W= &4 JIKI £ XIE - JEEXl - 1B 0.88, 2B 1.24, 3B 1.57, HR 2.00, out 0
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02 Modeling

sH =X

Beta(a, B) Support: (0, 1)
Ma+2) . -
lx) = [ex)T (A x (1=x)

Spray angle - p(h)

[-55° +55°]1 - [0, 1] scale

SDAA|LIO| =2 MM —42| X}

N(N_, 0‘) Support: (-=, =)
P ( } 1 g m)®
vix) = ——e e

2mas

launch angle - p(vih)

Et=? &6 2 - B FHH HECE =X

Gamma(a’ B) Support: (0, )

! x* e ( ! X
x — —
fx(x) = () ge > 3 )

0

Exit speed- p(slv)
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02 Modeling

EFKIE El 22 BX: p(h, v, s)

f ) Trick 1: Chain rule

B~ 270: p(x, y) = p(x) p(ylx)
(h) p(’U | h) p(S | 'U, h) 37H Hi4 HEEE - 1K =3 3IHZ 2o

= T o

p
p— p(h) p(’U | h) p(S | ’U) Trick 2: Conditional Independence

sLhlv » p(slv,h)=p(s|v)
\ / oilAd: vE 28 hi= sOll =J1 82 812 [Figure 3]
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02 Modeling

EIXIZE El+* 2

} =X p(h, v, s)

Figure 1- p(h) Figure 2 - p(vIh) Figure 3 - p(slv,h)
Launch Angle|Spray Angle Exit Speed|Launch Angle sozg ,__EXIt SpeCCISPray Angle, Ground Bal Exit Speed|Spray Angle, Line Drive
= pulled — pulled
Q075 1 | === ground ball osso{ o401 appo
0.040 1, line drive : o0z oo
| fly ball o
0.0150 0.035 - osz0
mpvup 0.015 0.020
00125 1 0.030 - 010 0.015
0.010
E 00100 4 0.025 - 0003 0005
g 0000 20 40 60 a0 100 120 0000 20 a0 60 a0 100 120
0.020 1 Exit Speed|Spray Angle, Fly Ball Exit Speed|Spray Angle, Pop-U)
0.0075 - = wuedp pray Angle, Fly — IwMP pray Angle, Pop-Up
0.015 i s R 0.04 L
0.0050 o
0.010 - .
0.0025 0.020
0.005 o ooz
0.0000 - i os10 001
=75 =50 =25 0 25 50 75 P00 20 40 60 80 100 120 o003
Launch Angle Exit Speed 0.000 4
20 40 60 80 100
Pulled vs oppoZ launch angle 2Z [IE GB/line/fly/popl exit speed £2X LIS -
S ve holl 24 - s= Vol 25 Launch angleS FI=E
Conditionaldi®= 220 HO| S

-slhlv
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02 Modeling

[1] Spray angle: p(h) - Beta mixture

ZIEH REI 25 52 - [0,1] 2 scale — 27H Beta 2l mixture 2 fit

Bayesian Hierarchical £+

Hyperprior — Dirichlet, Gamma, Half-Normal
!

Prior —» EHAFE mi, ai, Bi
l

Likelihood &}

h; ~ ;1 - Beta(ay1, Bi1) + iz - Beta(ais, Bi2)

T
Data — ERXtiCl &Kl Spary angle £t=z! (hi)
!

Posterior — p(mni, ai, Bi | hi GIOIE)

SDAA|LIO| =2 MM —42| X}

Density

1.6 1

1.4 1

1.2 1

1.0 1

0.8 1

0.6 -

0.9 1

0.2 1

0.0

£22l 10Xl 0.4) - Z8t pulled / 222!

Estimate of Spray Angle Density Function

—— Estimated Density Function

0.0 0.2 0.4 0.6 0.8 1.0
Shifted/Scaled Spray Angle

ZIEt W= spray angle 2% — & E22l(pulled - oppo)
2 (Ik=X1 0.6) - 2Fst oppo
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02 Modeling

[2] Launch angle: p(vih)

= JHel Normal X — pulled / oppo £7I

Bayesian Hierarchical £+

pi ~ N([5.1, 21], [5.2, 5.7]) (2t EtXt mean)

Prior -
i o; ~ Gamma(a = [137.9, 76.8], 8 = [5.4, 2.9]) (2 EFXt std)
Likelihood 4
N(ﬂ’ilv Uil) hz < () (pulled)
U; | ]’L@ ~

N(lu’il% 0'7;2) hz Z 0 (oppo)

1
Data — ERAGHiCl #Hl launch angle £t&2k (vi), his =&
!

Posterior — p(ui, i | vi, hi HIOIE)

SDAAILIO| =E MM —42| Kt >

0.08 1

0.06 1

0.04 1

0.02 1

0.00 -

Estimate of Mean Priors

- pulled

oppo

-10 0 10 20 30
Batter Average Launch Angle

Oppo(2UXIT) - B 21°-BEEXK

t

“Full-hitter(&74X171) - B= 5°-EZTkt

&0

5°

6

50
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02 Modeling

[3] Exit Speed: p(slv)

Hl JHCel Gamma EX& — launch angle JHHIZZIE 27|

Bayesian Hierarchical £+

Prior - a; ~ Gamma(p = [6.0, 6.9, 9.1, 16.7], ¢ = [1.5, 2.4, 3.2, 6.1])

l
Likelihood 4]
Gamma(oz“, Bin) v <10
Gamma(azg, ﬁzg) 10 < v; < 25
zi | v ~
Y Gamma(a;s, Bi3) 25 < v; < 50
\Gamma(am, Bis) v; > 50

1

1/B8; ~ Gamma(p = [6.4, 4.6, 4.0, 2.6], o = [1.6, 1.4, 1.3, 0.8])

(Ground Ball)
(line drive)
(fly ball)
(pop-up)

Data — ERX}iQ| HiZtEl exit speed 2tFgk ( 2 = Smax — §)

!
Posterior - p(ai, Bi | zi, vi HIOIE)

SDAAILIO| =E MM —42| Kt

0.30 4

0.25 4

Shape

. ground ball
line dirive
fty ball
Pop up

o

0.4

Scale (1/Rate)

mm ground ball
Bine drive
iy ball
Pop Up

Gamma= (0, «) right-skewed0l| Z/&}
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02 Modeling

Pk h,U,S 2' 2' I

ot EFXKK)IH & £ Y= BE T8 ER0 EX

3 2X9| 2&t

p(h) Beta mixture - EtXtJt OICIZ EXI
p(vih) Normal x 2 - EAFZE (pulled/oppo)
p(slv) Gamma x 4 - £& (4 3HEHITDED

Chapter 3
JISE sampling  b; = (hj, v;, s;) ~ pr(h,v,s), j=1,2,...,N
- Ol &= f(b5,05) = fen(bj, ps) - Woan(b;) + f-gv(bj, ps) - (1 — Wan(b)))
Epop[f(0,p5)] & %321, f(bj,ps)
S XX AH| QUK pt € argmax Ep, [f(b,ps)]
D€L
SDA A|L|Of =2 M| M — 43|} ¢

3D EtX HIA 22X
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CHAPTER 03

Out Probability &
Optimization

OI=2 2t& X + Projected SGD ZI&s}



03 Out Probability

[1]1 J+& EI-* sampling

pr(h,v,s) 22—zt ps

bj:(hja Uy, Sj) ~ pk(h,U,S), j:1727"'aN

Notation

b= (h,v,s) IOl EtR (3-tuple)
by JEHWH JRAEIR - j=1,2, .., N
d=pr(h,v,5) - EI7 22X (0EH 2XM bE Z=X))

oIr

= I0IA NJHCI It EI-1E &0t Section 3 &1 Big= |
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03 Out Probability

[2] Model - &2 0I2 (12 &3)

Logistic Regression - &8 i~ : ay & by

Logistic Regression Sigmoid o : Logistic 43t &4
olgt Z2uto| =& Y ML 28 — dd 2= (0, 1) 2HE=2 Bist
Y €{0,1} S BiZ(Z1H)JH] OHLIE 0
g(z) = L 21 (-0, 0) - = (0, 1)
l4+e~
log —— =
o8 =fot it

SDAA|L|O] =& MM —A43| K} ® 17/33



03 Out Probability

[2] Model - &2 0I2 (12 &3)

Logistic Regression - &8 i~ : ay & by

fen(D, ps) = 0 (—2.78 — 0.15a,4 + 5.87b; — 1.32b?)

oo

a4 spray angle X0l (OkQt EI) - Bt HE4E £3 o8

=10

Log Odds
1
in

bt 30l Ok~ 20l = A2t = depth / exit_speed

=20

X XAH b 2.2 %,

OB

b eu— iz mom wiz X, L= 2

0.0 a5 10 L5 20 35 30 is 40 0.0 25 50 1.5 o 125 150 175 0.0
Ball Time Te Fekder Man. Absclute Angle Diff

I
(0]
o
foh
&
f
B
i
t)./

Figure 9 2Z:b_t 21 (V) - LEZ:
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03 Out Probability

[3] MOdel - g% 2' OI'?: (line drive, fly ball, pop-up)

33 catch mechanism - 18 B4 (5;

5. — hanet; distance Hangtime: 20l HOIXIZITIXI Zal= Azt
— hanetime — ——
t & 97 Distance: 2 Lfst XI&TIXISl Ha

"S0l EOUXIJI &, OFJF =2 AlIZH 0I1RTt Z0IR21T1" - 27 ft/s = MLB B sprint speed

d >0

: S0l EX K= A2t > OFpJF B SE=E EEGH= A2k 02 Jls8 1

d; <0

1 S0l EOXl= A2t < OFp I B = TEGHE AlZE 02 Jtsd L (CH0lE, B HLHHE Sk S 2R)
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03 Out Probability

[3] MOdel - I:cl:;% 2' OI'?: (line drive, fly ball, pop-up)

XGBoost + Logistic Regression

f_.gb(b, ps) = O‘(—2.17 + 1.5 (St)

109 fogp =0(=2.17T+1.56;)

S
o]
1

S
(=]
1

33.9%

f-eb (out probability)
S
-

S
bo
1

8 =~ 1.45 — 50%

-3 -2 -1 0 1
0y (slack time, sec)

SDAA|LIO| =2 MM —42| X}

04 [-gb (out prob.)
0 = —2 0.6 %
0p = —1 2.5 %
5, =0 10.2 %
0 = +1 33.9 %
— 0= +1.45 50.0 %
0 = +2 69.6 %
0 = +3 91.1 %

threshold (50%) at 6; ~ 1.45
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03 Out Probability

[3] MOdel - E‘:’E 2' OI'?: (line drive, fly ball, pop-up)

XGBoost + Logistic Regression

f_.gb(b, ps) = O‘(—2.17 + 1.5 (St)

STAGE 1

XGBoost

O

Input:
h,v,s (spray, launch, exit speed)

Output:

hang time, landing distance

Ground Truth (training data)

Alan Nathan baseball calculator — ballistic physics simulation

SDAA|LIO| =2 MM —42| X}

= hangtime — distance/27

>

STAGE 2

Logistic Regression
Input:

d; (slack time)

Output:
fogp = 0 (=217 + 1.56;)
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03 Out Probability

[4] & 0I=2 Model

Indicator &%

f(b,ps) = fan(b,ps) P(g

SDAA|LIO| =2 MM —42| X}

1

0

if g=gb

=gb) + f-(b,ps) P(g = —gb)

H=El b JF DECIKI O XI 04 CIOIEGIA Ol0l o= BH

[ ==

- P(g = gb | b) € {0, 1}: deterministic indicator I_gb(b)Z HJ|

Of

- total probability law 2| & &0| &}5| SO 20t = SEH

[

(=13
=

Mo
o
s
0

2

O

El= 2, IS e

>

=)-6_-!‘
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03 Optimization

[5] =EEtx 21X

Out ZI[Hzt vs &E(WOBA) |43}

4

(1) Outs ZICHst (2) wOBA 2l4 8l
pi € argmax Eyq| f(b,ps) | pi € al;jgel’gin Epea| (1= f(b,ps)) - fwoBa(b) |
pSEPS 5 5
: EFRRl EF 22 p(h, v, $)UIA JITH out 20| JHS =2 9% : Out0l O 42 [ JICH WOBAZS JHE5H0{ 143t
OIE}, 22t BE 22 hiroE 215 CiElo} ERIS CHE JISKIZ Mo}
O HISEt B0l (0.883 /1.244 / 1569 / 2.004)

- WOBA Z|42H20| Outts G Z&= 21, oS 2E! KHEY,

SDA A|L|Of =2 MM — 43|k} ® 23/33



03 Optimization

[6] Projected SGD

Stochastic Gradient Descent(EE J|8t A Al 61&2H) + Shift Rule (AIZE E)

3-Step

[1] Gradient Descent — JI& JHIIE BistO=

KA +v e,

s

|
=

0o

bt

[2] Stochastic — 2X &l [H&! sampleZ gradient 2 At
JIEHE E_b~p_kIfl =t HA 0242 - I EIR b_j 2 JHE E&

[3] Projected — AIEZE & M2 ZH|
OH step = JH& JII2 P_s 2t /IXIZE Al (124, & ¢, ==)
P, — A|ZE E |2} (2023 MLB)
Off step & M| ZZ10| 25 HEE| =5 AMH (projection)
D184 1222E{ 40 ftOlLh
(2 BEWok4 pitching rubber25E 95 ft O|Lf (= infield dirt )

(3 2mP=mol  ZizH WM HHK| (2023 A|ZE 2X| B)

— 2 RIEH A 7HE T2 HE FIXIZ A

SDAA|LIO| =2 MM —42| X}

|=8+2 —V. n= step size (learning rate).

2AOIOIE #& — M iteration

Gradient step: pg < ps+1n- Vpsf(bj,ps)
Projection step: ps < Projp (ps)

& EtHl — gradient step + projection step

Gradient — Monte Carlo =3

Vo B [f(0,05)] & %30V, f(bj, ps)
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03 Optimization

[7] Optimization Result

£HI 215 Q1] EHY

Shohei Ohtani Positioning

400
300
200 -
mn
B X ‘X ‘,_ -
100 - i x S
. v #
D_
-200 =100 0 100 200

- xBA: JI[H EI&, xwOBA: JI[H wOBA, wRAA: = [HH| JI&t E3, wRAA/

SDAA|LIO| =2 MM —42| X}

400 4

300 +

200 1

100

Ronald Acufa Jr. Positioning

W
.‘ ‘
g o
* v #
=200 =100 0 100 200

2023 ANE HE 21t

xBA xwOBA wWRAA
Model 0.305 0.308 =520
MLB Avg 0.320 0.321 +156

- Elg 22538 &2 ~ 2f2.25 wins (WAR)

Texas Rangers proprietary HIOIHZ &S

ZE BA 0.292 ~ &XIBA 0.293 v

Elg wRAA

wRAA/E!
-17.3

+5.2
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CHAPTER 04

Game Theory
for Adaptive Hitters
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04 Game Theory

Game Theory

EtAL 2 118 - Sial0| ElAl= Ol *IXISE B0 HS

4

(1) 8= optimization (2) Zero-sum Game

Et et 22 pi(h, v, s) (@HLel2E T EREIR 2E: d € D (2E9 Z2t— ERIt =)
Ok~ 1 SZE0 LHoH ZI% /Xl &2 Ob4 BAXI QIXI AEH - EFXIJF T 2T MEY

SHAI 28

"EFXITF AIZE E1 oppoE & £ U=[H|?" Nash equilibrium — % Lt X|40| SH

"HE 9|810] U= EIXH="2" ELXI HEE JHE 3t robustet 21X

SDA A|L|O] =2 MM — 43| X} ® 27/33



04 Game Theory

Zero-sum Sequential Game + Equilibrium

#Hl vs EFXE B2l H MEq

& 4 — Outs ZIHzt (4 3a, 3b)

[— I |

El

Ok & — minimax
- -
* e = A10] S0 BHEEl=
€ arg max min N [f( )} X — -
Ps & deD Lb~d  Ps ( s, d*) It Nash =&
ps€ L
“EFXIO] X|M [HEZ JHASH 0F:0| XM (robust) {IXI"
‘D =2mo| &gt — ElX} s HQ
d¥ ZE 2T — A 20} EFXEIt AEY

EtXH 21& — maximin
HI! Z0F OkzJ} AEH

* S
ps =€ QI —

d* € ardg min maxp cp, Ebmd[f(baps”
eD

"OFeCl 2I1M [HEE JHEst EAIC| £[M 2 X (outs £I4)"

28/33
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04 Game Theory

CCI Se 1 . Shi'ﬂ'-Bea'I'er Qppg kA AIZE 1 oppo HISIOR & o|X|-58 Y= EIX

ex) Josh Bell, Chas McCormick, Adam Frazier S

AZE H11 20{XI=(oppo) EtXt - Pull vs Oppoll =&

Positioning Strategies against McCormick 2Hl S, EtXI HS
¥ ¥  pull strategy
300 - oppo strategy D { d d
*  equilibrium J—
ull; Qoppo
. . . b pp
2001 - Nash Equilibrium Equation
150 - LA N
LFT e p; € argmax milge(q ., ool & 2j=1J (0> Ps
100 - i x LAY pE P
50 " M ’ Z1 — McCormick®@l expected BA
01 OF== \ EtX} pull oppo
—200 -150 —100 —50 0 50 100 150 200 pull TS 0.274 0.271
Figure 16 0llAl: Chas McCormick — Z&(22) vs pull/oppo 2i2t0| AIX(IHe/F&) oppo tiS 0205 erk
(1) Shift-Beater JI&oHE &0l SHEQE e — EHAE} et pullOl XM = pullOl oppo= dominate, =2 (Oke: pull IS, EFXE pull)

(2) McCormick8l AIZE HZS(oppo)0l A& XEII0IHI £6H

SDA AL O == Ml —43| X} ® 29/33



04 Game Theory

CCI Se 2. Shif'l"Bea'I'ing B! int Pull-heavy EFETE AIZE TH3 32 2j01 2 HE JHs& A&

ANZEE 511 HESH= EtAl - Swing vs BuntQ| =&

o o
Positioning Strategies Against Santana (LHB) —jf— H HS ' EtXI =S

400
D = {dswinga dbunt}
Nash Equilibrium Equation
300
* € argmax min LS £(b;,ps)
pS g de{dswing, dbunt} N j:1 g pS
200 1 psEF;
" :x, Z 3 — Santana2| expected BA
100 x ,‘l'” Of4: \ Ebx swing bunt
B blue (A|ZE) 0.268 0.453 — \ZE7}
* L *
¥ swing away strategy . y orange (HE CiH]) 0.354 0.062
bunt strategy equilibrium 0.272 —
04 = equilibrium it

™=

swing(0.272) > swing against blue(0.268) — 0.004 1

200 100 ¢ 100 200 — HES o|X|gt 201 Of2= 2 9IXZ 0|5

Figure 18 0OIAl: Carlos Santana(ZHED — =& 2IXI(&Z), swing [HE(IEDUHIA % 32 % 0I5
3RS 9K - EE
Ho| A + 32 20l Zoz

HE CHH| <> swing 2{7| Ato| 2| ofoliet HE 2(%|

SDA AL O == Ml —43| X} ® 30/33



CHAPTER 05

Discussion & Implications
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05 Discussion & Implications

==9| &9}

2EI=: adaptive EFXI0I CHEt robust £~HI £I&2 ZE|I3

Ol
= 2s EtRt

Game Theoryz2 2EE

"EFXEJE AIZE EH11

oppositeR=E & £ U

AN

D

"HE 2[&10] JACHH

—_ .

SDAA|LIO| =2 MM —42| X}

D = {pull, oppo}
— Shift-Beater

D = {swing, bunt}
- AIZE = BHE

03
SIH CIOIEIR &S

StatcastBtO=Z o|0|/U= 21t

Elg 22,58 &4

oF 2.25 wins (WAR)

Q

Texas Rangers /*EHHIOIE &

BA 0.292 ~ Xl 0.293

0N
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05 Discussion & Implications

KBO SRU= [Hz] &8 Jisd

IHE X2t £ SE 0= - J2iL 223 IHEI2 transferable

EIXIEE spray/launch/exit 2X st

XGBoost/LightGBM: player ID + target encoding
El2E: player embedding
BART: hierarchical prior (XHl)

SDAA|LIO| =2 MM —42| X}

02
Two-stage — =MHIS! + ML

rr

M

=2l AlE - XGBoost — Logistic

Hal HE
EHIQ!I XIAIE sub-model 2 et&

- sub-model Z&2 HI2! 2 E! feature=

HE GlAl

- 2i2l& platoon advantage

- EH MEE (recent3d 28

- 2E/2M 21t

- O/ ML =7E sub-model= '8 Jt5
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