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Abstract. In modern online gaming, the issue of effective matchmaking is becoming increasingly important
for ensuring fairness and player satisfaction. As the number of participants in a game grows, it is necessary
to develop systems that can not only quickly and accurately determine team compositions but also consider
numerous factors that impact the quality of the gameplay. This article presents an approach to building a rule-
based matchmaking system. It combines algorithmic logic and expert knowledge to allocate players into teams
based on predefined criteria, such as skill level, geographic location, preferences in game modes, and other
parameters.

The article discusses the operation of the system, which includes creating and processing complex
metadata structures known as query schemas. In the initial stage, the system collects all player requests,
sorts them by priority and creation time, and then applies various rules to calculate similarity matrices
between these requests. Each rule computes the similarity between pairs of elements from the source and
target schema, creating a similarity matrix where each element reflects the degree of similarity between
two elements. The results of these matrices are then aggregated to create a unified similarity matrix, from
which the system selects the most similar requests to form teams. The final stage involves evaluating the
proposed matchmaking options to ensure the quality and balance of the gameplay.

The system is also adaptable to various matchmaking scenarios due to the use of rules that can
dynamically alter the system’s behavior depending on the characteristics of the input data. This improves
the accuracy and efficiency of the matchmaking process. As a result, the developed matchmaking system
is a versatile tool for creating balanced teams that meet the demands of different gaming environments.
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AHomauis. Y cyd4acHoMy OHnalH-2elUMiHey numaHHs egheKkmueHo20 mMamymelKiHay cmae yce 6inbuw
gaxrnusum 0Onsi 3abesnedeHHs1 cripagednueocmi ma 3ad080sIEHHS epasuie. B ymosax, Koru KinbKicmb y4dac-
HUKig y epi 3pocmae, HeobxiOHO cmeoprogamu cucmemu, 30amHi He nuwe WeudKo ma moYHO 8u3Ha4amu
ckrnadu KomaHO, a U ypaxosysamu 6e3r1id YUHHUKI8, SIKi ernuearome Ha sKicmbe epu. Y cmammi npedcmas-
J1eHo nidxid 0o nobydosu cucmemu MamymeUKiHay, o 6asyembcs Ha rpasunax. BoHa noedHye y cobi aneo-
puUmMMIYHy J102iKy ma 3HaHHs1 ekcriepmig, 3abesrnedyroqu po3nodin epasuie y kKomaHOi Ha OCHOBI MornepedHbO
3a0aHux Kpumepiig, maKux siK pi6eHb HaBU4YOK, 2eoepahidHe po3maulysaHHs, nepesazu 8 iepo8uX pexxumax
ma iHWi napamempu.

PogzensiHymo ripoyec pobomu cucmemu, SIKUll 8KITKOYae CMeOoPeHHsT ma 0bpobKy ckradHUX CImpyKmyp Mema-
OaHux, 8i0OMUX SIK CXeMu 3arumis. Ha nepwomy emani cucmema ompumye yci 3anumu 2pasujie, copmye ix 3a npi-
opuMemoM ma YacoM CMEOPEHHS, MCIIS1 HO20 3acmoco8ye Pi3Hi rMpaesuria 071 0OYUCTIEHHST Mampuub CXOXOocmi
MK yumu 3anumamu. KoxHe ripasurio 064UCIIIOE CXOXICIMb MiXK apamu eflieMeHmiIs i3 8UXiOHOI ma Uiribo8oi cxem,
CMEOPIOYU MampUUro CXoocmi, 0e KOXEH erleMeHm mMampuui sidobpaxkae cmyriiHb rnodibHocmi Mixx deoma
enemeHmamu. [ani pesynbmamu yux Mampuub agpeayrombcsi Orsi CmEOopPeHHsT €OUHOI nidCyMKO80oI Mampuui
cxoxxocmi, 3 siKoi cucmeMa eidbupae HalbinbLu cxoxi 3anumu Or1s ghopmyesaHHs komaHO. OcmaHHIM emariom €
OUjHKa 3arporoHos8aHuUX eapiaHmie MamuyysaHHs Orisi 3abesrneqyeHHs1 skocmi ma 36araHcoeaHoCcmi epu.

Cucmema makox 30amHa adanmysamucsi 00 pi3HUX cueHapiie MamyumMmelKiHay 3a80sIKU 8UKOpUCMaH-
HIO ripasus, siKi MOXymb OUHaMIYHO 3MiHO8amu rMogediHKy cucmeMu 3arexHOo 8i0 xapakmepucmuk 8xio-
Hux daHux. Lle dae 3amoay noninuwumu moYyHicme ma eheKmueHICmb rpoyecy MamdyyeaHHs. Takum YUHOM,
po3pobrieHa cucmema MamymelkiHay € yHigepcanbHUM IHCmpyMmeHmom O cmeopeHHs1 36anaHcoe8aHuX
KomaHOd, wo sidroesidaromb 8uMO2aM Pi3HUX 2eliMepcbKux cepedosuly.

Knrovoei crioea: cucmema mamymelikiHay, npasuna MmamymeUkiHey, 8idrnogioHicmb cxemu.
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Introduction

Player request represents a comprehensive set of data encompassing a player's preferences,
constraints, and requirements for online gaming or just a complex data structure for system to operate. It
includes information such as game and mode preferences, skill levels, geographical considerations, and
other relevant factors. The matchmaking system utilizes this data to create balanced and enjoyable team
compositions tailored to individual players' needs.

Matching complex metadata structures is crucial in various domains often referred to as schema
matching or ontology alignment. To expedite this task, schema matching systems have to be developed.
These systems leverage matching algorithms, also known as matchers, to analyze the structural and
semantic similarities between schema elements or instance data. However, the effectiveness of these
systems heavily relies on the incorporation of domain-specific knowledge and rules.

Rules play a crucial role in schema matching systems by guiding the matching process and shaping the
decisions made by the algorithm. These rules encapsulate expert knowledge and heuristics, enabling the
system to interpret and adapt to diverse matching scenarios. For instance, a rule might prioritize structural
similarities over semantic ones in certain contexts, or it might adjust matching thresholds based on the
characteristics of the input schemes.

By integrating rules into the matching process, schema matching systems can enhance their accuracy,
efficiency, and adaptability. Rules provide a means to encode domain-specific insights and preferences,
empowering the system to navigate complex matching challenges effectively. Moreover, rules enable the
system to dynamically adjust its behavior based on the characteristics of the input data, leading to more
robust and reliable matching outcomes.

In essence, the incorporation of rules into schema matching systems represents a critical step towards
developing efficient and adaptable solutions capable of addressing the diverse matching needs across
different domains. These rules serve as the guiding principles that govern the system's decision-making
process, ensuring that it can effectively handle various matching scenarios and produce high-quality
mapping suggestions.

Workflow

A matchmaking request or schema comprises various schema elements, each characterized by a
name, value with different data type. The scope of schemes is broad and encompasses diverse metadata
structures. The objective of a schema matching system is to derive mapping suggestions between a given
source schema (S) and a target schema (T).

To accomplish this, most schema matching systems employ a combination of matching operators,
including rules, aggregation, and selection. Rules compute similarity values for pairs of schema elements
from S and T, generating a similarity matrix of size |S|*|T|. Each entry in this matrix represents the similarity
between two elements, ranging from 0 (low similarity) to 1 (high similarity).

So, each rule computes a similarity value for all elements from the source and the target request and
constructs a similarity matrix of size |S|*|T| as output.

Matching sequence:

1. Get all requests, sorted by priority and creation time.

2. Compute similarity matrix of all requests by each rule that responsible by specified values.

3. Combines results of rules similarity matrix to a single aggregated similarity matrix.

4. Iterate over aggregated matrix and select the most similar requests.

5. Evaluate final match proposal.

Aggregated
Sn Aggregation —>  similarity
value

> Selection

Aggregated similarity matrix

Fig. 1. Processing request schemes using matrices
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To enhance the quality of matching results, aggregation operators are utilized to consolidate the output
of multiple rules into a single aggregated similarity matrix. Subsequently, selection operators are employed
to identify the most probable element pairs, typically using strategies such as Threshold, MaxN, etc.

— Threshold: Filters entries above a specified threshold.

— MaxN: Returns the N highest entries in each row or column.

Selection strategies accommodate scenarios involving n:m mappings, allowing elements to participate
in multiple correspondences. From the selected matrix, a mapping between the source schema S and the
target schema T is constructed, comprising a set of correspondences (s, t, sim) denoting source and target
elements along with their similarity values.

From aggregated matrix we will try to select the most similar players.

— Exclude all zero values

— For better matches it is recommended to use threshold for final selection.

Selection produce matching proposals that should be evaluated to finalize proposal, because among
3 players with similarity 0.5 they can be totally different, for example we can get a raise condition situation
when 3 players can’t be intersected by territory, like in example: (eu, us), (us, cis), (cis, eu), we have a
situation when for this players we can’t chose a territory that suits them.

Getting players accumulated with time skills

st Builder

Send request
e reques Matchmaking Service E

Wait response

£]

Background Task
running with specified interval

Fig. 2. Components high level vision

Matching Rule

The Rule serves as a fundamental component within the schema matching system, encapsulating
specific guidelines or directives governing the matching process. Essentially, a Rule object embodies
expert knowledge or heuristics aimed at guiding the system's decision-making and adaptation
capabilities.

A matching rule comprises the following components:

— Pattern: This component delineates a segment of the process graph where the rule can be applied.
The pattern may be empty, particularly within rules initiating the process construction.

— Action: The action defines a prescribed alteration to instances of the identified pattern. This
encompasses additions or modifications of one or multiple operators within the process.

— Relevance Function: Responsible for computing the relevance of the rule within the current matching
process and match task. Leveraging computed schema and matrix features from the input schemas and
existing similarity matrices, the relevance function generates a relevance value ranging from 0 to 1. This
value dictates whether the rule is executed.

— Optional Check Function: This function evaluates the quality of the changes introduced by the
action subsequent to rule application. It also utilizes matrix features to compute a value between 0 and 1,
serving as an assessment of the alterations' efficacy.

To better explain the parts of a matching rule we introduce few simple examples (it is not production
ready examples, just to get an idea):
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Matching by territories
Assume that we need to match players over the world with many territories and ping (important parameter
in games) is different for every player, so from full list of territories player can choose only one/few.

import pandas as pd
ALL_TERRITORIES =['A", 'B', 'C']
def close _territories(requests: list{Request]) -> pd.DataFrame:
request_ids = [req.id for req in requests]
df = pd.DataFrame([
[1if tin req.territories else 0 for t in ALL_ TERRITORIES] for req in requests],

index=request_ids, columns=ALL_TERRITORIES)
return df.dot(df.T)

Fig. 3. Converting raw territory data to mapping among player requests

Here is a brief summary of the function:
— This function computes a similarity matrix based on the proximity of territories between different
requests.
— It creates a DataFrame where each row corresponds to a request and each column represents a
territory. The cell values are binary, indicating whether a request includes a particular territory.
— The function then calculates the dot product of the DataFrame with its transpose, resulting in a square
matrix where each element represents the number of common territories between two requests.
— Normalization is performed to scale the values between 0 and 1, ensuring uniformity across different
datasets.
— The resulting similarity matrix is returned.
Matching by skill
Assume that we need to match players that have different skills, all players are unique, some player
may play more time, etc.
The idea of every rule is particularly the same, we need to normalize initial data, map it on other
players and get players similarity among each other.

import pandas as pd

def fair_skill(requests: list{Request]) -> pd.DataFrame:
skills = [req.skill for req in requests]
min_s, max_s = min(skills), max(skills)
request_ids = [req.id for req in requests]
df = pd.DataFrame([skills] * len(skills), index=request_ids, columns=request_ids)
df = (df - min_s) / (max_s - min_s)
df = df.sub(df.T).abs()
df=1/(1+ df)
return df
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Here is a brief summary of the function:

— This function computes a similarity matrix based on the fairness of skill levels between different
requests.

— ltcreates a DataFrame where each row and column represent a request, with the cell values indicating
the skill level of each request.

— The function normalizes the skill levels within the range [0, 1] based on the minimum and maximum
skill levels among all requests.

— It calculates the absolute difference between the normalized skill levels of each pair of requests and
computes the reciprocal to obtain similarity values. Higher skill differences result in lower similarity scores.

— The resulting similarity matrix is returned.

Both functions utilize the Pandas library to handle data manipulation efficiently, providing a convenient
interface for working with tabular data structures.

Take a look on the example of matching three requests in that way:

Table 1
Explaining rule results
X Territories Skills Aggregated
X request1 | request2 | request3 | requestl | request2 | request3 | requestl | request2 | request3
request1 1.0 0.0 0.5 1.0 0.66 0.83 1.0 0.0 0.64
request2 0.0 1.0 0.5 0.66 1.0 0.58 0.0 1.0 0.54
request3 0.5 1.0 1.0 0.83 0.58 1.0 0.64 0.76 1.0

After applying rules to requests we will get resulted aggregated matrices that show us next:

— Request1 is incompatible with Request2

— Request1 is better matching with Request3 than Request2

— Request3 is compatible with both other.

— Resulted value in 0 mean that players can'’t play together at all, this parameter can be further optimized
by adding threshold value for example equal to 0.2-0.4 to skip all resulted similarity values.

Aggregate rules

Aggregation rules enhance a process by introducing aggregation operators and consolidating dangling
operators from a matching process. These dangling operators may have been generated by initiating rules.
Various aggregation operators are available, including AVERAGE, OWA, HARMONY, or MIN/MAX, each
offering distinct advantages and drawbacks.

In my works | use weighted geometric average to derive a final matrix from multiple matrices. Utilizing a
weighted geometric average offers several advantages, including the ability to incorporate multiple sources
of information while considering their relative importance. Additionally, it provides a flexible framework for
combining diverse matrices, enabling robust aggregation of similarity scores in the context of schema
matching or other matching tasks.

Example using pure numpy (as np):

np.exp(np.average(np.log(matrices), axis=0, weights=np.array(self._rule_weights)))
or scipy library can be used: from scipy.stats.mstats import gmean

Selection

The selection process from an aggregated matrix and splitting on teams involves identifying the most
suitable correspondences between elements from the source and target schemas, followed by grouping
these correspondences into teams based on specific criteria. Here's a description of the combined selection
and team-splitting process:

Aggregated Matrix: Start with the aggregated similarity matrix, which combines the similarity scores
from multiple individual matrices. Each row of the matrix is a players sorted by creation time, so we need to
iterate over each row and check if we have enough players to create a game for them.

Thresholding: Optionally, apply a threshold to the values in the aggregated matrix to filter out less
significant similarity scores. This helps focus on the most relevant correspondences.

Team Formation: Once the correspondences are identified, proceed to split them into teams based on
predetermined criteria. This could involve factors such as balancing skill levels, ensuring diversity in roles
or positions, or maximizing overall team cohesion.

Team Splitting Criteria: Determine the criteria for splitting correspondences into teams. This could
include factors such as:

— Skill Level: Ensure that each team has a balanced distribution of skill levels to promote fair
competition.
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Matchmaking flow
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— Role Diversity: Ensure that each team has a diverse mix of roles or positions to facilitate strategic
gameplay.

— Communication Preferences: Consider players' communication preferences

— Etc

Final Mapping and Team Assignment: Construct a final mapping between the source and target schemas,
incorporating the team assignments. This mapping represents the recommended associations between
elements from the two schemas, grouped into teams based on the specified criteria.

Evaluation

In evaluating the final mapping result, several key aspects need consideration to ensure the fairness,
diversity, and overall quality of the gameplay experience. Here's a breakdown of the evaluation process,
encompassing various criteria and potential adjustments:

Re-balancing teams:

— Evaluate the distribution of skill levels, roles, or other relevant factors across the teams.

— If significant imbalances are detected, consider re-balancing teams to ensure fair competition.

— This may involve redistributing players, adjusting team compositions, or implementing dynamic
balancing mechanisms during gameplay.

Randomizing:

— Assess the variety and suitability of game modes assigned to each team.

— Introduce randomness or rotation in game mode selection to prevent monotony and enhance player
engagement.

Raising conditions for choosing territory:

— Review the criteria for selecting territories and assess their impact on gameplay dynamics.

— Consider raising the conditions for choosing territories to introduce strategic depth and challenge.

— This could involve implementing additional criteria such as territorial control objectives, resource
allocation, or strategic advantages/disadvantages.

Continuous monitoring and iterative improvement:

— Continuously monitor gameplay metrics, player feedback, and performance data to identify areas for
improvement.

— lterate on the matchmaking and team allocation algorithms based on real-world observations and
feedback from players.

— Strive for a balance between fairness, competitiveness, and enjoyment, and be prepared to adapt the
matchmaking system accordingly to meet evolving player needs and expectations.

By carefully evaluating the final mapping result and implementing adjustments as necessary, you can
ensure a balanced, diverse, and engaging gameplay experience for all participant

Conclusion

The rule-based matchmaking system presented in this article offers a promising approach to enhancing
the multiplayer gaming experience. By intelligently allocating players into teams based on predefined
criteria and leveraging matching rules to determine player similarity and construct similarity matrices,
the system strives to promote fairness, balance, and enjoyment in gaming environments. Through the
aggregation of similarity matrices and the selection of optimal match proposals, the system aims to optimize
team compositions and ultimately improve the quality of matchmaking outcomes. Additionally, empirical
evaluation and real-world testing are essential to validate the effectiveness and robustness of the system
across diverse gaming scenarios and player demographics.
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