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Speciality : Machine Learning
Jobs:
o Fringe81 Co.,Ltd.

= Ad Tech

= HR Tech

o ZOBEFIER (Professional tipster)
e Experience of horse racing: 12 years (B Z+®H 5)

e Favorite horse: /\—"/ 7 74 (Heart's Cry) ®1EENE (F) HH5H



Alphalmpact

e Developing horse racing Al (2016/06~)

e Members
o NUKUI Shun : Machine Learning, Horse racing domain knowledge
o OMOTO Tsukasa : Machine Learning, System Architect, One of committers of LightGBM
o HARA Tomonori : Horse racing hacker
e Activities
o HP: https://alphaimpact.jp/
o  Sell predictions on netkeiba.com 7 ¥ L\ E#:(2017/03~)

= hitp://yoso.netkeiba.com/



https://alphaimpact.jp/
http://yoso.netkeiba.com/

Agenda

e FET—4ICDLT (Data of horse racing)

o HMZEHDEET (Design of objectives)

o FFHE1ER (Feature Engineering)

o FHITTILDEE (Training of prediction models)

o FHITET)LDF (Evaluation of prediction models)



Agenda

o ET—4(CDWLT (Data of horse racing)



What is Horse Racing

o BFDODE-STENBIEZFELNEDEWN A R—

An exciting sport that horses with jockeys compete

o ZOEIEZFEIBZXv>TI p® -

A gambling to predict its results




Why Horse Racing x Data Science?

o i (BH) MINSHEELRET—IDFHLEMEND

New data is added weekly or everyday
o FERHMNHZDEEZUFILTALICHURTE DI ENTES

We can watch the process of output from live streaming
o TVIZTFIIVIDULNAWAHIEERT—F

Variety of data
e XLW! (EE)

Exciting (important!!)



Hypothesis - Practice - Verification

s ¢ BYBLTLBZDOTE?
hypothesis o RHENEDBVLDTIE?

1 week cycle

HREE E3yi53
verification practice

o FEEEM

o ERETID/INT ATV RHER
o ZFERATADKE

e L—XZR%



Agenda

o HMZEHDEET (Design of objectives)



Problem Setting

Horse 1

Horse 2

-

Horse N

data of N horses in race

score 1

score 2

score N

score of performance

|

Focus on

E&LHDBEWE
bets
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Selection of Objectives

Mz <h BFHEFERPETILERLIDDER

What to solve is more critical than creating features or models

E[: kA

o

o

o

UIC(E X DERNZEH (basic objectives)
&IE (order)

EIE Y 1 L (finishing time)

15D 5 DWZE (delta time with winner)

E < (prize)
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Engineering of Objectives

o L —XAWIE#EL (normalization in race)
o FEMY A LIFERECEZDRREICKET 2IAHKEL
o FEEMULTRENATIAZHEHIIETHREPLILLTS

o EXENDEDXIT7IEEUICYT S (identify unplaced horses)

o BFIKITLBWERDDEIREZ SIEETH T TOHMEDEL

RWHNEHZEScOHICE. FXAVHFEZEEICAN., FEZIELSEFETS

Good objectives require the domain knowledge and understanding of the problem




Agenda

o M EERL (Feature engineering)
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1 (Horse Table)

YFRIM ARV (RAISR] N0
&«(5R): 500, 2X0. 1:0,

L —R &%
race info

l% 0) E] Il‘i

attributes of horse

i E B

race history

=

A VE00mE-X
Re )25

Ay X

Odds

¥
Jockey

14



Flow of Data Processing

o ZHHBIT—TILDSEEFENI MLZES5 ET 2 ERTFERL
Processing features from collected data directly lowers the maintainability

'
HAEBE -

collected data feature vectors 5

Ay




Flow of Data Processing

o Bl EULTEREDBIETA VYT —RAZHRICER
Horse table data simplify the interfaces of data processing

HorseTable

feature1

feature2
Horse1

L —2BER

featureN

collected data horse table data feature vectors 4



E

HEFBRE T —7% (Past Race History)

o BEXEXTODBHRZZDEIFHEICIZ S (Use past X histories as feature)
o XBEZXBERET—IMEZTRN-XICRED
o fl) BE2ERBAHRE. BEIERERSY 1L

o BEXEDHIEZEETT % (Summarize past X histories)
o RITEUIXITHEFE LR

o BEXT BDREREETY % (Summarize histories in the past X monthes)
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Categorical Data

e (Categorical data in horse racing

o l%%\ %ﬁ%%\ Eﬁgﬁﬁ.ﬂi\ ﬁ&l%\ ﬁ&l%\ ﬁ%l%i%\

e (Categorical data able to be used as numeric

o BE. L—RE=S. Bk

NZw &Rl

o KoeSHME. ATV LD EE UVUTANTHERE

Can use both of categorical and numeric as a feature
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Encoding of Categorical Data

e One-Hot-Encoding

o one hot vector
o RITHMEZZDT. HIEEHTCEYISZHREDTK

e Target Encoding
o BEF—FICHEFZZYEALTIYDOBHNEHDEEHE (mean, count, sum, ...)
o fl) AREDFIEIR
o BMZEHICEST. BHEK (hit ratio). [EIUXEE (return ratio)’x & TEET 5 2 & HAJEE
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Automated Achievement Features

e \We made more than 1500 achievement features

horse
jockey
trainer
owner
sire (X 55)

subject

track type
course

length
coursexlength

weather
field condition
pace

race condition

count

win hit ratio
place hit ratio
win return ratio
place return ratio

statistics

20



Smoothing Ratio Features

o FUNTIUNDPBWEREF., EFHEZ2AEFHITIAD TS

When the categories is small, set the aggregate value closer to the overall average
o aldHTFIVEICRBEERREIR

Select optimal a for each category

Rimoon = (1 — exp(—aN)) - R + exp(—aN) - Raverage

count=2 count=100
hit ratio=0.5 hit ratio=0.4 hit ratio=0.2
_ / A B average
low confidence | |
\ 4 \ 4

where a=0.1 hit ratio=0.254 hit ratio=0.399 21



=45 E (Seasonal Features)

o FHHEDHZHDII=—ARKTKRIETED

Cyclic features can be represented by trigonometric functions

4H

. sinB

7H

cosb

10H

18
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Agenda

o THIEFTILDFEE (Training prediction models)
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LightGBM

o HRET-RTA4VIDERR BE  SBEELGERE
The fast, light, accurate implementation of gradient boosting
o AWFOUEHZATIVEKELTURSIENTES
Category variables can be treated as categorical variables

o REMEZXREBEELTIRSIENTES

Missing values can be treated as missing values
e Alphalmpact®OMOTOZLightGBM®D committer

We have a committer of LightGBM

24



T I)ILFEE AL (Model Training)

update params

v

- ------------ e LightGBM score
feedback

average

LightGBM

-----------  ioon-
1]

cross validation
(the valid set is used for
early stopping)

split into k-folds
by the race
(not by the horse)



hyperopt

e https://github.com/hyperopt/hyperopt
e Tree-structured Parzen Estimator (TPE)

e Grid Search’®Random Search|CEHENNT/INT X —F DIRR EFHZHERR <
E{TT=3

More efficient than grid search or random search

26


https://github.com/hyperopt/hyperopt

Efficient Search with GCE x hyperopt

o LightGBMIZ/\/\—/VZ X —F HH' % L\D Thyperopt THIFRRICEFHE N H NS

Since LightGBM has a lot of hyper parameters, it takes much time to search even with hyperopt
e Google Cloud Engine (GCE) DU LY FF7 4 A4V RY VA% EH

The price of the GCE preemptible instance is reasonable, but the instance might be shut down at any time

o GCEDFTERFERZFEBLTVWSHEMEENT70%A 7
o 1fEU. WDAYRIVANEE Zhbh 540 (RK24HFME)
e hyperoptDIFERDHEIREZ Trials At 7Y = 7 MMTREFF LU Tepoch & & ICpkMREL TH T X, FRH SIERBHTEE

If you save the intermediate state as Trials object for each epoch, you can resume searching on the way
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Tips of LightGBM Tuning

o AFTVERIFIYI—LULLIFSHBENES I ENEL

Dummying categorical variables is often more accurate
e carly stoppingU B WEREEICBFZEULTCULESDTHIES

Early stopping is necessary to avoid overfitting
e random_statelC &k > THEMNEEZE DS

Accuracy varies considerably with different random_state
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Feature Analysis with LightGBM

o HHEDEEEZRS

Check feature importance
o NV ORRHENT

o ANT—FICHBITHFAORHEDOETESZRS
Check the contribution of features for predictions
o I UORHEN
o HBL—RICHITH2TFHDORMMNEES

o cf. SHAP (SHapley Additive exPlanations)
= https://github.com/slundberg/shap

29


https://github.com/slundberg/shap

The Contribution of Features for Predictions

Group thousands of features,
and calculate the total
contribution of each group




Agenda

o FHITET)LDF (Evaluation of prediction models)
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Evaluation Metrics

e TVUXVIHETLLLELNZNDCGHEFIHA

Apply nDCG, a well-used metric for ranking problem
o SVEEENLD EMICFATE TVWNIFKEREICHES (BRKAE)

High relevant score should be positioned at high rank
o BEEIEVWIWRREHEAZ D BNE

Should define the variety of relevant scores

DCG

DCG = rely +Z rel

nDCG =

]Oé‘\ i

i=2

idealDCG
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The Relevant Score of nDCG

&IBEDFEE (inverse of order)

o 1M1,1/2,...,1/N
o consider the whole ranking
B (prize)

o 15000, 6000, 3800, 2300, 1500, 0,0, ..., 0
o consider only top 5
E £ @3 (prize@3)
o 15000, 6000, 3800,0,0,0,0,...,0
BESAR U (place payoff)

o emphasize the dark horses
BB 153 (win betting share)

o how close to popularity

33



Comparison of Models with nDCG

b= EBUEE 3
rEZ

rEZ@3
KEZ@1
BRIR U
BB

(A)
--— nDCG

inv_order
prize

prize@3
prize@l
payback
win_share

(A)DIFSH(B)K D HHFBELN TN

(A) is more accurate than (B)
BB REEA v X)ED—HEXB)DIFESHE L

(B) is closer to win betting share
(A)FB)ICEERNTEESFWVWFAICE>TWS

(A) is more profitable than (B)

— NDCG

inv_ordar

price
prize@3
prize@l
payback
win_share

all turf races in 2017
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Evaluation of Top-N Box Betting

all turf races in 2017

Box & & | o
B D DEAEHLEDE y 0,669 _
= e i MFRE, [EINE, EUNEORE
hit ratio, return ratio, std of return ratio
vis
place
quineila pl
quinella
B exatte
win: Bif
- Top-3
place: #2[5
quinella place: 71 ~ vis

. S place
quinella: Ei&E

quinella pl
exacta: B8 quinella

PYACTA

trio: 3:E & .

— Ay i 35
trifecta: 3:E & s-ifecta




Evaluation of Top-N Box Betting

all turf races in 2017
As a result of the effort of objective and feature engineering...

anx
it
8,174
R.418  ®.932

20x

Return ratio of win

i

betting is 123%!!

place

quinclia place
yuinella
exacts

-— Top-3

hit
nir 9.375
plaze 9.749
quinella place .27z
quinelia 0.115
exasta 0.115
trio 0.824

trifecta 0.624 36




T M2 (Qualitative Evaluation)

o FHET —YDOIEARNLBGHL —RZzEY IV 7y FUTTFHZETRS

See the predictions for a few of representative races
o MNRELHBTFTHICE>TVWBENESH

Check if the predictions make sense
o BEIFBEHERICDEBNDDTESEREI

Overconfidence will lead over fitting
o RRDFHMERDETVIaVHLEBDEFAN—23VUP

Seeing the actual predictions lifts motivation
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Summary

o HERIEBFZBEDOT —YULT&ES

Horse racing is supreme as a theme of machine learning
o BEMZHIIBBREICHDETCTIVIZFIVITS

Objective variables should be engineered to fit the problem setting
o RHEIVI=_TF7UVIIEBERLTZOHICHEA

Feature engineering is required for improving the accuracy
o LightGBMIZERE FRIICIER [CHRD

LightGBM is very effective for horse racing prediction
o ETI/LMREREEEEEOWMA TIHMT S

Model performance is evaluated by both quantitative and qualitative
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Thank you



