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Abstract 

This study focused on enhancing the Glicko-2 algorithm in matchmaking systems to improve the responsiveness of rating deviation. The 

study addressed the algorithm's failure to recognize consecutive draws as an opportunity to adjust the user's rating deviation, overlooking 

important insights into performance progression. These consecutive draws were identified, and a Hidden Markov Model (HMM) was applied 

to classify them as certain or uncertain. The results were then used to refine the rating deviation with varying depths based on the HMM, 

providing a more accurate reflection of their impact on performance. Testing on 10,000 sequences of 15-20 matches, with an initial rating 

of 1500 and deviation of 150, showed that the enhanced algorithm outperformed the original algorithm. The average rating deviation (sigma) 

was reduced by 20.30% (59.746±0.409 vs. 74.969±0.053), indicating more stable performance assessments, which resulted in a 24.51% 

decrease in the average rating (mu) change per match (1.657±0.050 vs. 2.195±0.048). The accuracy of the enhanced algorithm's Hidden 

Markov Model classification was 93.81%, reflecting a marked improvement in performance evaluation. These results demonstrate that the 

enhanced algorithm's improved rating deviation reduced the need for large adjustments, leading to more confident and accurate rating 

updates. The findings suggest the enhanced algorithm provides a more reliable assessment of users' performance, enabling better 

matchmaking. 
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INTRODUCTION 

The Glicko-2 algorithm, developed by Dr. Mark E. 

Glickman, addresses a number of significant deficiencies in 

the Elo and Glicko algorithms, including imprecise estimates 

of user performance and uneven activity levels [1]. 

Combining rating deviation and volatility in Glicko-2 has 

allowed for better estimation of individual skill and is thus 

used extensively in many competitive settings. It has been 

applied not only in games like chess and esports but also in 

physical sports such as soccer, where accurate user and team 

ratings are essential, and even in decision-making 

frameworks that require skill evaluation. However, the 

algorithm does not take into account consecutive draws, 

which is a very significant variable in competitive and 

strategic situations, thus limiting its reliability and precision 

in enhancing the precision of user ratings. 

The formulas of mathematical expectation in the Glicko-2 

rating algorithm do not account for the probability of draws, 

which depends on imbalances in the skill levels of opponents 

and on personal scoring profiles [2]. The data from the 

KingBase-Chess portal, comprising over 2.18 million games 

spanning 28 years with players rated above 2000, show that 

35.7% of games resulted in draws (779,325), compared to 

36.6% wins for white (799,236) and 27.8% wins for black 

(606,831). In high-level games where players are almost 

equally matched, the likelihood of a draw is higher than or 

equal to that of a win or loss for either white or black [3]. 

Such a draw or a pattern of consecutive draws indicates that 

the user delivers stable performance and suggests they are 

accurately rated at their current level. The algorithm loses the 

opportunity for a stronger user assessment by not including 

consecutive draws in its evaluation. This limitation makes 

this algorithm less accurate, and user experience is also 

adversely affected. In cases where a long series of draws does 

not bring about a significant deviation in ratings, users 

become convinced that the rating algorithm is ignoring their 

efforts. This situation leads to frustration since having a game 

result in a draw means both users have a very low significant 

change in points, which means the efforts given seem not 

worthwhile and will cause more mental fatigue than when 

losing [4]. Users might see their actions as worthless, thus 

leading to a lack of interest and low engagement, which is bad 

for matchmaking. 

While previous attempts have modified Glicko-2 to better 

handle draws, they often focus on isolated outcomes rather 

than sequences. This study addresses these challenges by 

improving the Glicko-2 algorithm with a Hidden Markov 

Model (HMM) to analyze consecutive draws. The HMM 

classifies consecutive draws as certain and uncertain 

classifications and allows for more accurate adjustments to 

the algorithm's confidence (Rating Deviation, denoted by φ) 
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based on identified draw patterns. This improvement ensures 

that rating changes better reflect the actual skill of a user, thus 

producing better skill ratings and fairer matchmaking 

outcomes. 

LITERATURE REVIEW 

The study "Ratings of European and South American 

Football Leagues Based on Glicko-2 with Modifications" 

explains how the Glicko-2 model helps rate teams and players 

in sports and computer games. It is used in games like chess, 

volleyball, and multiplayer competitions to predict how likely 

a team is to win by adjusting their ratings based on past game 

results. If a lower-rated team wins or if a team has not played 

many games, their rating changes more because there is less 

certainty about their true skill level [2]. Outside of sports, 

Glicko-2 is also used in other areas, such as an estimation of 

the ability of students and the difficulty of an item [5] the 

comparison of different machine learning benchmarks [6] and 

employing skill rating as a measure of fitness in the 

development of GANs [7]. This shows how Glicko-2 can 

adapt to different situations by adjusting ratings based on 

performance and uncertainty. 

The study "Machine Learning to Study Patterns in Chess 

Games" uses clusters and models to identify the patterns of 

the games in chess. That means the number of moves of a 

game will be predictive of the outcome; for longer games, as 

there are fewer pieces or moves left to checkmate, it tends to 

end as a draw. They also researched if the players are 

comfortable going all aggressive in games that tend to win 

easily or play very cautious games that probably result in a 

draw [8]. In a similar manner, the paper "Machine Learning 

in Football Betting: Prediction of Match Results Based on 

Player Characteristics" revealed the difficulty in making draw 

predictions due to random happenings such as penalties, 

making the wins predictable [9]. The study "Risk attitude and 

air pollution: Evidence from chess" stated that the draw 

probabilities depend on players' ratings. It shows that players 

with ratings between 1800 and 2350 tend to have more draws, 

while the ratings that are lower than 1800 and higher than 

2350 have fewer. This is due to greater skill differences or 

more aggressive play [10]. These studies show that game 

outcome prediction, whether in chess or football, involves 

balancing game patterns, player behavior, and unpredictable 

elements. 

Matchmaking is a key part of competitive games, as 

explained in the paper "Globally Optimized Matchmaking in 

Online Games," which highlights its role in organizing 

players into fair matches [11]. The paper "Skill-Based 

Matchmaking for Competitive Two-Player Games" expands 

on this by emphasizing that matchmaking should aim not only 

to pair players but also to create a fair and enjoyable 

experience. It suggests reducing long-losing streaks to keep 

players engaged, even if it means slightly interrupting others' 

winning streaks, to avoid frustration [12]. Similarly, the study 

"Fairer Chess: A Reversal of Two Opening Moves in Chess 

Creates Balance Between White and Black" looks at fairness 

in chess matches, suggesting a rule modification to equalize 

opportunities for both players. This idea emphasizes the 

importance of matchmaking fairness, where neither player 

has a clear advantage, which aligns with the goals of 

competitive game systems [13]. 

The study "Estimating Hidden Markov Models (HMMs) of 

the Cognitive Process in Strategic Thinking Using Eye-

Tracking" highlights how HMMs can track decision-making 

processes during games by analyzing how players shift 

attention and choose strategies. In hider-seeker games, 

HMMs measure how often players change thinking levels and 

adjust strategies, helping researchers understand decision-

making under different conditions, such as time pressure [14]. 

Similarly, the study "Development of a Chinese Chess 

Robotic System for the Elderly Using Convolutional Neural 

Networks" shows how playing chess can help improve brain 

health and lower the risk of dementia by encouraging 

problem-solving. Both studies use HMMs to track players' 

thinking and decision-making. While HMMs in hider-seeker 

games look at how players change their focus, in Chinese 

chess, they track where the pieces are on the board, even 

though the pieces do not move, helping us understand 

decision-making in strategic games [15]. 

CASE PRESENTATION 

A fair and responsive matchmaking system in rating-based 

games is critical for maintaining a competitive balance. 

However, the Glicko-2 algorithm today needs to improve in 

correctly describing a user's performance, especially on 

consecutive draw sequences. Such recurring results must be 

attended to more often, as they are one of the best indicators 

that a user has a stable skill level. A simulated series of match 

outcomes was used to test the proposed modified algorithm 

in a controlled environment where one could compare the 

performance of the original Glicko-2 with that of the 

improved version. 

The scenario considered involves a theoretical participant 

playing 15 to 20 matches, with these games involving wins, 

losses, non-successive draws, and successive draws. The 

prepared dataset was expected to have various outcomes 

while placing importance on finding patterns of consecutive 

draws. These draws, which the original Glicko-2 algorithm 

might treat as just normal match outcome, were classified 

using a Hidden Markov Model (HMM) as certain or 

uncertain. The new algorithm adjusts the rating deviation (φ) 

according to these classifications to better represent the actual 

level of the user's skills. 

Key metrics tracked during the testing included the mean 

rating deviation, as well as the average rating and rating 

deviation change per event/match. The enhanced algorithm 

enhances the system's ability to recognize a user's skill 

stability by ensuring that draws represent stable skill levels. 

The simulated scenario demonstrates how the new algorithm 

is applied practically to eliminate the deficiencies associated 

with the initial Glicko-2 algorithm and ensures an even more 

adaptive matchmaking system while better approximating the 
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users' real skills. 

METHODS AND METHODOLOGY 

Enhancement of the Algorithm 

This study addresses the problem of overlooking 

consecutive draws in the evaluation of the Glicko-2 algorithm 

by proposing a method that makes use of the Hidden Markov 

Model (HMM) to classify sequences of draws and updates the 

rating deviation (φ) appropriately. 

This process begins with classifying each draw within the 

rating period into one of three states, positive, neutral, or 

negative, based on the ratings given by both the user 

and the opponent. If the rating of the user exceeds that of the 

opponent's rating and a draw occurs, it is labeled as a 

Negative Draw, which means underperforming.  However, 

if the rating is significantly higher, it is a Positive 

Draw or overperformance. On the other hand, it would be a 

Neutral Draw when the rating is close to that of the 

opponent, or it is slightly lower or higher than the opponent's. 

A 30-point rating difference (±30) is used as the default 

threshold for classifying draws as significantly higher, lower, 

or close. This value was chosen to reflect a subtle yet 

meaningful skill gap without over-penalizing minor rating 

differences. 

Consecutive draws during the rating period are detected 

and then counted, with only sequences having three or more 

consecutive draws being counted and considered a streak. A 

streak continues until the non-draw result occurs, and 

the HMM classification of that streak begins. Each streak is 

then classified as certain or uncertain based on the HMM's 

assessment of the user's performance throughout the 

sequence. In a single rating period, draw streaks are evaluated 

one after another, but the HMM classification from the 

previous streak influences the next one. The Hidden Markov 

Model determines the most likely state for each streak, 

guiding changes to the user's rating deviation: uncertain 

classification leads to an increase, and certain produces a 

significant decrease. The adjustment for draw streaks is made 

at the end of the rating period, ensuring a more accurate 

performance assessment while preserving the statistical 

integrity of the original Glicko-2 algorithm. 

Enhanced Glicko-2 Algorithm Pseudocode 

Step 0: If the rating period has not been set, set the rating 

period interval. 

Step 1: If the rating period has not ended yet, jump to Step 8. 

Step 2:  

a. For each user:  

i. Initialize user ratings: Rating (µ), Rating 

Deviation (φ), Volatility (σ) 

ii. Convert the ratings of users to the Glicko-2 scale. 

Step 3: Calculate the Rating (µ) and Volatility (σ). 

Step 4: Calculate the Rating Deviation (φ). 

a. Check for draw streaks, and if the number >= 3 

i. For each draw streak: 

Step 4.1: Classify each draw in the rating period 

based on the relative ratings of the user and 

opponent (The thresholds for classification 

depend on the Administrator). 30-point rating 

(±30) difference is the default threshold: 

▪ If the user's rating is higher than the 

opponent's or the opponent's rating is 

significantly higher, classify it as a Positive 

or Negative Draw. 

▪ If the user's rating is close to or slightly 

lower or higher than the opponent's, 

classify it as a Certain Draw. 

Step 4.2: Setup HMM and Scaling Factor 

parameters: 

▪ Define observations (e.g., Positive, 

Negative, and Neutral Draw.). 

▪ Initialize start probability, transition 

probability, and emission probability. 

Step 4.3: Apply the HMM: 

▪ Classify the streak (sequence of draws) as 

certain or uncertain based on the most 

dominant state of the classified draws. 

Step 4.4: If a non-draw result breaks the streak: 

▪ Retain and use the last classified state of the 

current streak as the starting point for 

evaluating the next streak (if applicable). 

Step 4.5 Check if there are more draw streaks 

within the current rating period: 

▪ If there are no more draw streaks, proceed 

to Step 4.6. 

▪ If there are more draw streaks, go back to 

Step 4.3, using the last classified state from 

Step 4.3 as the starting point for the new 

streak evaluation. 

Step 4.6: Calculate the Draw State Percentage 

(as classified by the HMM) 

(The thresholds in the numbers below are 

determined by the Administrator): 

▪ Set Impact Factor = 3.0. 

▪ Set Draw Count to how many draws 

occurred in the rating period. 

Step 4.7: Update the Rating Deviation (φ) based 

on the last streak state: 

▪ For Uncertain Draws: Apply the 

adjustment to increase significantly φ. 

▪ For Certain Draws: Apply the adjustment 

factor to reduce φ. 

 
Equation (1) Base Scaling Formula. 

 
Equation (2) Scaling Factor Formula. 

Step 4.8: Jump to Step 6 

 
Equation (3) Enhanced Rating Deviation Formula. 

b. Else, update Rating Deviation (φ) without 

𝑑𝑟𝑎𝑤𝑠𝑐𝑎𝑙𝑖𝑛𝑔 = 0.1 ∗ √𝜑 × 𝑙𝑜𝑔(𝑑𝑟𝑎𝑤_𝑐𝑜𝑢𝑛𝑡 + 1) 

𝑎𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡 = 𝜑 + 𝑖𝑚𝑝𝑎𝑐𝑡𝑓𝑎𝑐𝑡𝑜𝑟 × 𝑑𝑟𝑎𝑤𝑠𝑐𝑎𝑙𝑖𝑛𝑔 

𝜑 = {
𝜑 + 𝑎𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡,                              𝑖𝑓 ℎ𝑚𝑚𝑠𝑡𝑎𝑡𝑒 = 𝑛𝑒𝑢𝑡𝑟𝑎𝑙         
𝜑 −  𝑎𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡,            𝑖𝑓 ℎ𝑚𝑚𝑠𝑡𝑎𝑡𝑒   ∈   {𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒, 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒}
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modification for draw streaks. 

Step 6: Convert Rating (µ) and Rating Deviation (φ) back to 

the original scale. 

Step 7: Store the Rating (µ), Rating Deviation (φ), and 

Volatility (σ) in the database. 

Step 8: End 

The Improved Glicko-2 Algorithm updates the original 

algorithm by modifying user ratings based on a streak of 

draws. The process begins by initializing user ratings and 

converting them to the Glicko-2 scale. The Rating (µ), 

Volatility (σ), and Rating Deviation (φ) are then calculated 

based on performance over the rating period. When 

consecutive draws (three or more) are detected, each draw is 

classified based on the relative ratings of the user and 

opponent: Negative Draw, Positive Draw, or Neutral Draw. 

The Hidden Markov Model (HMM) is then applied to classify 

each streak into one of two states: certain or uncertain, based 

on the number of positive, negative, and neutral draws. If a 

non-draw result breaks the streak or there are one or more 

streaks, the last classified state from the previous streak is 

used as the starting state for the next streak classification 

within the same rating period. This classification informs how 

the Rating Deviation should be adjusted: uncertain 

classification leads to a increase in rating deviation, and 

certain classification results in a significant reduction as 

demonstrated in Eq. (3). The final rating (µ) and rating 

deviation (φ) are converted back to the original scale, and the 

updated user ratings are stored in the chosen storage. 

System Architecture / System Design 

Figure 1 illustrates the architecture of the chess 

matchmaking application, which utilizes the enhanced 

Glicko-2 algorithm. The system retrieves each user's rating 

and match history from the database, which is then processed 

using the enhanced matchmaking algorithm. The updated 

ratings from the database are used to facilitate matchmaking. 

After the match, the system records the match outcome and 

saves it to the database, ensuring accurate tracking of user 

performance and suitable matchmaking. 

 
Figure 1. Design of Enhanced Algorithm Applied in Chess 

Data Gathering Procedures and Data Analysis Method 

The researchers followed a process to generate and analyze 

a dataset of match outcomes to test the enhanced rating 

algorithm. This dataset simulates various wins, draws, and 

losses patterns, serving as a foundation for comparing the 

enhanced system with the original Glicko-2 algorithm. The 

following procedures were implemented: 

1. Sequence Generation and Uniqueness: 

• A total of 10,000 unique sequences (15-20 matches 

each randomly) were generated using probabilistic 

distributions for wins (30%-50%), draws (20%-40%), 

and losses (remaining probability). 

• Sequences were randomized and ensured to be unique. 

2. Distribution of Outcome: 

• The dataset ensures diverse match types and reflects 

real-world match dynamics (close matches, dominant 

wins/losses). 

3. Data Representation: 

• Match outcomes were encoded as: Win = 1, Draw = 

0.5, Loss = 0. 

• Each sequence provided a randomized but structured 

progression of match outcomes, enabling a robust test 

of the algorithm's adaptability and accuracy. 

Automated Testing Process 

To evaluate the enhanced rating algorithm systematically, 

the researchers developed an automated testing script capable 

of processing large datasets consistently and efficiently: 

1. Dataset Iteration 

• The script iterated over 10,000 sequences processed 

30 times for statistical validity, comparing both 

algorithms. 

2. Match Outcome Simulation 

• The outcomes in each sequence were applied 

iteratively to update rating (μ), rating deviation (ϕ), 

and volatility (σ). 

• For each draw, the outcome was classified as follows: 

if the user's rating was higher or lower than the 

opponent's by more than 30 points, a Positive Draw or 

Negative Draw would be applied dependent on who is 

higher, and a Neutral Draw if the rating difference was 

within 30 points. 

3. Performance Metrics 

• Key metrics (mean rating, deviation, and accuracy) 

were compared between the enhanced and original 

algorithms. 

4. Scale of Testing 

• A total of up to 6,000,000 match updates were 

performed, calculated as 10,000 sequences × 15-20 

matches per sequence × 30 repetitions. 

5. Reproducibility 

• The automated script ensured consistency, accuracy 

and reproducibility in testing, facilitating an objective 

comparison between the original Glicko-2 and 

enhanced algorithms. 

RESULTS 

Table 1 compares the Existing Glicko-2 Algorithm and the 

Enhanced Glicko-2 Algorithm, highlighting how each 

updates user ratings (μ), rating deviation (RD), and volatility 

(σ). Both algorithms begin with identical initial values: a 

rating (μ) of 1500, a rating deviation (ϕ) of 150, and a 

volatility (σ) of 0.06. Both algorithms update ratings at the 

end of every rating period. The enhanced Glicko-2 algorithm 

utilizes draw streak as certain or uncertain, according to the 

Hidden Markov Model (HMM), to refine rating deviation 
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more accurately. By including successive draws in the rating 

system, the enhanced algorithm makes the rating deviation 

more confident, lowering it significantly to 47.82, while the 

existing algorithm has a rating deviation of 78.20 because of 

the HMM classification of Certain. Due to this, the enhanced 

algorithm provided lower variance rating changes, where the 

end rating is 1536 instead of 1596, as provided in the existing 

algorithm. Thus, due to such smaller variations, the enhanced 

algorithm can have a stronger view of its opinion regarding 

the real skills of the player because it delivers a steadier 

output via better rating deviation. Therefore, the enhanced 

Glicko-2 algorithm's more accurate rating deviation leads to 

more stable ratings and a better reflection of a user's 

consistent skill. 

Table 1. Comparison of Existing Algorithm and Proposed Algorithm in Updating Ratings 

History Existing Glicko-2 Algorithm Enhanced Glicko-2 Algorithm 

Match - Outcome Rating Rating Deviation Volatility Rating Rating Deviation Volatility 

Initial Values 1500 150 0.06 1500 150 0.06 

1 - Draw (Neutral)  

 

 

 

 

 

Rating Period 

 

 

 

 

 

 

Rating Period 

2 - Draw (Neutral) 

3 - Draw (Positive) 

4 - Win 

… 

10 - Lost 

... 

12 - Draw (Neutral) 

13 - Draw (Positive) 

14 - Draw (Negative) 

15 - Lost 

… 

20 - Win 

Rating Period Ends 1596 78.20 0.06 1536 47.82 0.06 

HMM Result None Certain 

Performance State Certain Certain 

 

The simulation of one match sequence is demonstrated in 

Table 1. 

Table 2 shows the performance statistics of both 

algorithms, showing how the enhanced Glicko-2 algorithm 

improved by adjusting the rating deviation based on 

consecutive draws using 10,000 match sequences. Table 2 

likewise used the same starting parameters as Table 1. 

Clearly, the significant improvement seen is the big drop in 

rating deviation (ϕ) for the Enhanced algorithm, which is at 

59.746, while the Existing algorithm has 74.969, giving a 

20.30% reduction. This significant reduction in the rating 

deviation reduced the uncertainty of the user's performance, 

which allowed for more confident rating updates for every 

game, with a count of 1.657 for the enhanced algorithm 

versus 2.195 for the original algorithm. The accuracy of the 

enhanced Glicko-2 algorithm Hidden Markov Model’s 

(HMM) classification is 93.81%, while the existing algorithm 

shows 0.00% accuracy because the existing algorithm never 

considered this. These refined rating deviation adjustments 

help maintain stability and prevent large fluctuations while 

capturing positive and negative performance trends. These 

improvements also indicate that the HMM has played an 

important role in classifying draw streaks, resulting in more 

stable and consistent rating updates. Consequently, the 

enhanced algorithm has more confidence in adjustment in 

rating and stops the algorithm from overreacting to changes 

in performance due to high rating deviation for various 

reasons, leading to a more steady and accurate view of users' 

performance. 

Table 2. Performance Comparison of Enhanced Rating 

Algorithm vs. Original Glicko-2 Algorithm 

Metrics Existing 

Glicko-2 

Algorithm 

Enhanced 

Glicko-2 

Algorithm 

Improvement 

Average Mean 

Rating Deviation 

(Sigma) 

74.969 

(±0.053) 

59.746 

(±0.409) 
20.30 % 

Average Rating 

Change Per 

Event/Match (Mu) 

2.195 

(±0.111) 

1.657 

(±0.050) 
24.51% 

Average Rating 

Deviation Change 

Per Event/Match 

(Sigma) 

3.735 

(±0.056) 

4.496 

(±0.26) 
20.37% 

Performance 

Assessment 

Accuracy 

0.00% 

(Does not 

identify) 

93.81% 93.81% 

The overall result of the 10,000-match sequence, ran 30 

times, is summarized in Table 2 

CONCLUSION 

The improvements to the Glicko-2 algorithm made the 

rating algorithm more accurate and reliable. By updating the 
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rating deviation (σ) appropriately, the improved algorithm 

lowered the average rating deviation (σ) by 20.30% (59.746 

± 0.409 vs. 74.969 ± 0.053), showing a steadier evaluation of 

user performance. The accuracy of the enhanced algorithm 

stands at 93.81%, reflecting its ability to make more precise 

evaluations compared to the existing algorithm, which has an 

accuracy of 0.00%. This enhanced algorithm's confidence 

resulted in a 24.51% reduction in the average rating change 

(μ) per game (1.657 ± 0.050 vs. 2.195 ± 0.048). This 

demonstrates that the algorithm is now making precise 

changes. With the adjustment in rating deviation, the 

algorithm exhibited greater confidence in its rating 

assessments, resulting in smaller or bigger changes in the 

player's rating after each match. These improvements were 

achieved by better handling of consecutive draws, refining 

the algorithm's responsiveness, and aligning adjustments with 

the user's true skill level. As a result, the Enhanced Glicko-2 

Algorithm offers more reliable and rewarding matchmaking 

and can be effectively applied in games like chess, sports, and 

decision-making systems, where accurate performance 

tracking is crucial for fair evaluation. 
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