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PROBLEM 

PROBLEM 

Evaluate players in the largest ice hockey league:  

National Hockey League (NHL) 



RELATED WORK 

RELATED WORK 

Year Venue Authors Name Sports 

2018 Arxiv Tom Decroos, Lotte 

Bransen, et al.  

Actions speak louder than goals: 

Valuing player actions in soccer. 

Soccer 

2017 MIT 

Sloan 

Oliver Schulte, 

Zeyu Zhao, et al.  

Apples-to-apples: Clustering and 

ranking NHL players using location… 

Ice 

Hockey 

2015 UAI Kurt Routley and 

Oliver Schulte. 

A Markov game model for valuing 

player actions in ice hockey. 

Ice 

Hockey 

2014 MIT 

Sloan 

Dan Cervone , 

Alexander, et al. 

Pointwise: Predicting points and 

valuing decisions in real time … 

Basket

ball 

Action-Wise Players Evaluation 



MOTIVATION: DATASET 

MOTIVATION 

• Computer Vision Techniques:  

       Video tracking 

• Play-by-play Dataset 

• Large-scale Machine Learning 



MOTIVATION: GAME COMPLEXITY 

MOTIVATION 

Action 

Background 

• Model complex game context 

• Partial Observability 



PROBLEM FORMULATION 

OVERVIEW OF METHOD 

1) Extract play dynamic from NHL dataset. 

2) Estimate the Q(s, a) with DRL model. 

3) Define a novel Goal Impact Metric (GIM) to value each player. 

• Framework of Deep Reinforcement Learning (DRL) model 



PLAY DYNAMICS 

PLAY DYNAMICS 

Play-by-play NHL Dataset 

• Contain 3M events. 

• Cover 30 teams, 1,140 games and 2,233 players. 
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Constructing a Reinforcement Learning Environment 

• Action 𝑎௧: players’ action, including shot, block, assist, etc. 

• State ݏ௧: sequence of observations and actions (ܳ௧ , 𝑎௧−1, ܳ௧−1…) 

• Reward ݎ௧: a one-hot goal vector specifies which team scores. 

• Q function ܳ௧𝑒𝑎𝑚: the probability of scoring the next goal: 
 ܳ௧𝑒𝑎𝑚 ,ݏ 𝑎 = ܲሺ𝑔݋𝑎݈௧𝑒𝑎𝑚 = ௧ݏ|1 = ,ݏ 𝑎௧ = 𝑎ሻ 

 



DRL MODEL 

DRL MODEL 

• Recurrent network with dynamic trace length LSTM 

Model Structure 
Value Ticker: Temporal Projection 

of learned Q functions NN output  

Q
(s

, 
a

) 

Game Time 



GOAL IMPACT METRIC 

GOAL IMPACT METRIC 

• 𝑰𝒎𝒑𝒂𝒄࢚ሺ࢚࢙, 𝒂࢚ሻ measures the quality of action 𝑎௧ by how 

much it changes the expected return of a player's team. 
 𝑖݉݌𝑎𝑐ݐ௧𝑒𝑎𝑚 ௧ݏ , 𝑎௧ = ܳ௧𝑒𝑎𝑚 ௧ݏ , 𝑎௧ − ܳ௧𝑒𝑎𝑚 ,௧−1ݏ 𝑎௧−1  

 

 
Difference of consecutive Q values 



GOAL IMPACT METRIC 

GOAL IMPACT METRIC 

• 𝑰𝒎𝒑𝒂𝒄࢚ሺ࢚࢙, 𝒂࢚ሻ measures the quality of action 𝑎௧ by how 

much it changes the expected return of a player's team. 
 𝑖݉݌𝑎𝑐ݐ௧𝑒𝑎𝑚 ௧ݏ , 𝑎௧ = ܳ௧𝑒𝑎𝑚 ௧ݏ , 𝑎௧ − ܳ௧𝑒𝑎𝑚 ,௧−1ݏ 𝑎௧−1  

 

 
• Define Goal Impact Metric (GIM) of player 𝑖 by the total 

impact of a player in entire game season dataset 𝐷. 𝐺𝐼𝑀𝑖ሺ𝐷ሻ = ݊𝐷𝑖 ,ݏ 𝑎 × 𝑖݉݌𝑎𝑐ݐ௧𝑒𝑎𝑚𝑖ሺݏ, 𝑎ሻ௦,𝑎  

Difference of consecutive Q values 



PLAYER RANKING 

PLAYER RANKING 

Rank players by GIM and identify undervalued players 

• Mark Scheifele drew 
salaries below what his GIM 
rank would suggest.  

• Later he received a $5M+  
contract in 2016-17 season 



EMPIRICAL EVALUATION 

EMPIRICAL EVALUATION 

Comparison Metric: 
• Plus-Minus (+/-) 

• Goal-Above-Replacement (GAR)  

• Win-Above-Replacement (WAR)  

• Expected Goal (EG) 

• Scoring Impact (SI) 

• GIM-T1 



EMPIRICAL EVALUATION 

EMPIRICAL EVALUATION 

Comparison Metric: 
• Plus-Minus (+/-) 

• Goal-Above-Replacement (GAR)  

• Win-Above-Replacement (WAR)  

• Expected Goal (EG) 

• Scoring Impact (SI) 

• GIM-T1 

Correlations with standard Success Measures: 
• Compute the correlation with 14 standard success measures: 



EMPIRICAL EVALUATION 

Round-by-Round Correlations: 
 

• How quickly a metric acquires predictive power for the season total. 
 

• For a metric (EG, SI, GIM-T1, GIM), measure the correlation between 

a) Its value computed over the first n round. 

b) The value of the three main success measures, assists, goals, 

points and its value computed over the entire season. 
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EMPIRICAL EVALUATION 

Round Round Round Round 
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EMPIRICAL EVALUATION 

Predicting Players' Salary: 
 

• A good metric is positively related to players' future contract. 

EMPIRICAL EVALUATION 



EMPIRICAL EVALUATION 

Predicting Players' Salary: 
 

• A good metric is positively related to players' future contract. 

• Many underestimated players in 16-17 season. (high GIM, low salary). 

• This percentage decreases in 17-18 season. (from 32/258 to 8/125). 

2016-17 season 2017-18 season 

EMPIRICAL EVALUATION 
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THANK YOU! 

Q&A 

For more information: 
Poster: #2177 

Github link: https://github.com/Guiliang/DRL-ice-hockey 

My homepage: http://www.galenliu.com/ 
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