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actively interacting and adapting.

o [Zzkarian et. Al lIE transactions,1999]
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Dead Poet Society, 1998, Peter Weir
Robin Williams: “we don't read and write poetry because it's cute ..."
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Introduction and Background

Efficient estimation of word representations in vector space

Authors

—

Tomas Mikolov, Kai Chen, Greg Corrado, Jeffrey Dean

Publication date
Journal

Description

Total citations

—

2013/1/16
arXiv preprint arXiv:1301.3781

We propose two novel model architectures for computing continuous vector
representations of words from very large data sets. The quality of these representations
is measured in a word similarity task, and the results are compared to the previously best
performing techniques based on different types of neural networks. We observe large
improvements in accuracy at much lower computational cost, i.e. it takes less than a day
to learn high quality word vectors from a 1.6 billion words data set. Furthermore, we
show that these vectors provide state-of-the-art performance on our test set for
measuring syntactic and semantic word similarities.

Cited by 40332
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l Development for a Team

Four distinct phases of development for a team

[Tuckman et al., Psychological bulletin ,1965]
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Introduction and Background Pioneering Techniques

Learning-based Heuristics Team Refinement Challenges & New Perspectives Applications

A short-lived
phase; the Team
gets acquainted,
learns roles and -
responsibilities. \, ' "P '{ 'i ING
A challenging
period; as the
Team experiences
disagreements,
power struggles
and conflict
emerge.

The Team gets
it; collaborating,
anticipating and
adjusting. Work
is efficient, and
the Team is
motivated.

NORMING

The Team
discovers the light
at the end of the
tunnel, establishing
guidelines and
understanding
process.

Developmental seqguence in small groups." Psycholoaical bulletin 63.6 (1965
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Introduction and Background Pioneering Techniques

A short-lived
phase; the Team
gets acquainted,
|earns roles and
responsibilities.

Developmental sequence in small

Learning-based Heuristics
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power struggles
and conflict
emerge.

Team Refinement

NORMING
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at the end of the
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guidelines and
understanding
process.

Challenges & New Perspectives

The Team gets
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anticipating and
adjusting. Work
is efficient, and
the Team is
motivated.

groups." Psychological bulletin 63.6 (1965
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A short-lived
phase; the Team
gets acquainted,
learns roles and
responsibilities.




Eternal Sunshine of the Spotless Mind, Michel Gondry, 2004
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What does team recommendation have to do with information retrieval?
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Introduction and Bac

' Team Recommendation <« Information Retrieval

The anatomy of a large-scale social search engine
Authors: Damon Horowitz, Sepandar D. Kamvar Authors Info & Claims

WWW "10: Proceedings of the 15th international conference on World wide web « Pages 431 - 440
https://doi.org/10.1145/1772690.1772735

Published: 26 April 2010 Publication History M) Check for updates

99297 A 3,631 Searching the village: models and methods for social search
Authors: Damon Horowitz, Sepandar D. Kamvar Authors Info & Claims

I Abstract

Communications of the ACM, Volume 55, Issue 4 « Pages 111-118 « https://doi.org/10.1145/2133806.2133830

We present Aardvark, a social search eng Published: 01 April 2012 Publication History W) Check for updates
web input, text message, or voice. Aardve
network most likely to be able to answer 77 13 ~* 6,389 a ”
challenge lies in finding the right docume
engine like Aardvark lies in finding the rig

I Abstract
traditional search engine is based on autt
We describe how these considerations i \ya gescribe Aardvark, a social search engine. With Aardvark, users ask a question, either by instant message, e-
EEvSEeReticetsalinith SlLEatib ot aaid mail, Web input, text message, or voice. Aardvark then routes the question to the person in the user's extended
social network most likely to be able to answer that question. As compared to a traditional Web search engine,
where the challenge lies in finding the right document to satisfy a user's information need, the challenge in a social
search engine like Aardvark lies in finding the right person to satisfy a user's information need. Further, while trust
in a traditional search engine is based on authority, in a social search engine like Aardvark, trust is based on
intimacy. We describe how these considerations inform the architecture, algorithms, and user interface of

Aardvark, and how they are reflected in the behavior of Aardvark users.
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Eternal Sunshine of the Spotless Mind, Michel Gondry, 2004

Information Retrieval in a Village: Social Search
ocial Information Retrieval (Social IR)
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Introduction and Background

What is success?
US$1.446 billion vs. no Oscar!
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Introduction and Background

Tomas Mikolov

Efficient estimation of word representations in vector space

Authors  Tomas Mikolov, Kai Chen, Greg Corrado, Jeffrey Dean
Publication date  2013/1/16
Journal arXiv preprint arXiv:1301.3781

Description  We propose two novel model architectures for computing continuous vector
representations of words from very large data sets. The quality of these representations
is measured in a word similarity task, and the results are compared to the previously best
performing techniques based on different types of neural networks. We observe large
improvements in accuracy at much lower computational cost, i.e. it takes less than a day
to learn high quality word vectors from a 1.6 billion words data set. Furthermore, we
show that these vectors provide state-of-the-art performance on our test set for
measuring syntactic and semantic word similarities.

Total citations  Cited by 40332 What is success?

2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
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Introduction and Background

Tomas Mikolov
December 13, 2023 - Q

https://openreview.net/forum?id=idpCdOWtgXd60

Yesterday we received a Test of Time Awardat NeurlPS for the word2vec paper from ten years
ago. I'm really happy about it! | think it's the(first "best paper" type of award | ever received. In
fact, the original word2vec paper was rejected at the first ICLR conference in 2013 (despite the
acceptance rate of around 70%), so it made me think how difficult it is for reviewers to predict

future impact of research papers.
https://www.facebook.com/share/p/kXYaYaRvRCr5K2Ze

What is success?

30



Introduction and Bac und

BE T VIS 1154 Releases 50

> PyTorch 2.2.1 Release, bug fi...

last month

s e o e

+ 49 releases

- o
-

he B w
.

Contributors 3,202

0@60 0D

e o7 -

P

AR - A 4 .» L

Released

Languages

| J]]|

@® Python 50.0% ® C++ 40.6%

Cuda 3.7% ® C2.0%

® Objective-C++ 1.3% ® CMake 0.8%
Other 1.6%

US1781541A

United States

[ Download PDF &) Find Prior Art ¥ Similar

Inventor: Einstein Albert, Szilard Leo

Current Assignee :

Worldwide applications

1927 Ys

Issued

1927-12-16 * Application filed by Electrolux Servel Corp
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Status Expired - Lifetime
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Hossein Fanil

A Streaming Approach to Neural Team
Formation Training

0000-0002—-6033-6564] Rozn Barzegarl0009—0002-2831-4143] ' Appnay
Dashtil0000-0001-9022-5403] 514 Mahdis Sacedil0000-0002—6207—3794]

University of Windsor, Windsor, ON., Canada
{hfani, barzegar, vaghehd, msaeedi}@uwindsor.ca

Abstract. Predicting future successful teams of experts who can effec-
tively collaborate is challenging due to the experts’ temporality of skill

Published

and collaboration ties in time. In this paper, we propose (1) a streaming-
based training strategy for neural models to capture the evolution of
experts’ skills and collaboration ties over time and (2) to consume time
information as an additional signal to the model for predicting future suc-
cessful teams. We empirically benchmark our proposed method against
state-of-the-art neural team formation methods and a strong temporal
recommender system on datasets from varying domains with distinct dis-
tributions of skills and experts in teams. The results demonstrate neural
models that utilize our proposed training strategy excel at efficacy in
terms of classification and information retrieval metrics. The codebase is
available at https://github.com/fani-lab/0peNTF/tree/ecir24.

Keywords: Neural Team Formation - Training Strategy - OpeNTF.

Success
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l Traditional approach

Teams were formed manually by relying on human experience and instinct in a tedious,
error-prone, and suboptimal process.

oo e o Large number of candidates
Difficulties: - Different knowledge
- Different culture
- Different characteristic

o Hidden personal and societal biases
- Race
- Gender
- Popularity

o Multitude of criteria to optimize
- Communication cost
- Budget
- Time

35



Introduction and Background

l Traditional approach

Manual team recommendation on a large scale is almost impossible



l Computational Approach

A

— ~ Optimization Objectives
CompUtaﬁonal Eﬂ | ona) Communication Cost
" — Static (non-Temporal)
Machine Learning-based Search-based —
L] Neural Network Graph-based Hierarchical
—| Model Architecture Subgraph Optimization Dynamic (Temporal)
Single Objective Proficiency
Variational Bayesian
Bi-Objective Personnel Cost
—| Graph Neural Network L |
——{ Transfer Leaming Operations Research-based Density
— Training Strategy Inductive
| Positive Labels Attentive
Negative Sampling ——{ Graph Isomorphism
Streaming Strategy

Team Allocation, Team Selection, Team Composition, Team Configuration, Team Recommendation, Team Formation
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Introduction and Background
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I Outline

|I) Pioneering Techniques



Team Formation Methods

e

 Computational

Refinement
Recommendation
Search-based

1: Graph-based
Operations Research-based

Reinforcement Learning

Machine Learning-based
\ Non-Computational L Neural Network

L ScTs l: Model Al

Training !
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l Graph-based Team Recommendation

Underlying network structure is a key factor to form an effective team.

[Miller, Computational Modeling and Organization Theories. AAAI Press, 2001 ]
[Gaston et al., Proceedings of the 1st NAACSOS Conference, 2003]

[Gaston et al., AAAI Technical Report, 2004 ]

[Chen, INCoS, 2010]

* Organizations’ inherent hierarchical structure.

* [Experts' social and collaborative ties.



Introduction and Background Pioneering Techniques

I Core Objective

eam Recommendation

Socia

Network Analysis
- Graph Theory

Learning-based Heuristics Team Refinement Challenges & New Perspectives

. Graph Neural Networks

|—~ Task-aware loss function

Applications
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Team Formation Methods

e

 Computational

— Communication Cost

L ScTs l: Model Architecture

Training Strategy

, —— Static (Non-T |
Refinement Reinforcement Learning  — Optimization Objectives—— - ( ol empe
R dati —— Hierarchical

ecommendation —— Dynamic (Temporal)
Search-based — Proficiency
‘: Graph-based Subgraph Optimization Personnel Cost
Operations Research-based ___ Single Objective —— Geographical Distance
— Bi-Objective — Densi
Machine Learning-based ; g, i
. L — Multiple Objectives
\ Non-Computational Neural Network Experts Multilabel Classification

— Variational Expert Classification
| Graph Neural Team
Recommendation
— Successful Teams Only End-to-End Approach
— Virtually Unsuccessful Teams Transfer Learning
— Temporal (Streaming) Training Graph Structural Faimess

— Curriculum Learning
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l Communication Cost

Effective team

Easier communication

Enhanced collaboration

communication cost

team performance

team success

47



l Communication Cost

Effective team

Easier communication

Enhanced collaboration

communication cost

P,NP,
Wi(e) =W(u,v) =1- |m
Wi(e) = |—| € ROV

P,NP,

| € RO

team performance team success
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l Expert Network < Attributed Graph

A. An (team formation, social network analysis, graph theory, 44, $189K)

K. Selvaraga
‘graph theory, social network analysis, 9, $120 o 5-85

M. Kargar ~ 5 g8

(team formation, social network analysis, 21, $151K) (team formation, 9, $50K)
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l Optimization ObjGCtiVGS O Communication Cost

O Proficiency

O Personnel Cost

O Geographical Distance
O Density

A. An (team formation, social network analysis, graph theory, 44, $189K)

M. Kargar ~ 5 g8

(team formation, social network analysis, 21, $151K) (team formation, 9, $50K)
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l Subgraph Optimization Objectives o Communication Cost

O Proficiency
O Personnel Cost
O Geographical Distance

O Density
Expert (Skill Set, Expertise Level, Personnel Cost) . . .
O Communication Cost mm %A. An (team formation, social network analysis, graph theory, 44, $189K)
:Cﬂmmunicatim Cost Min. X. Huang A\
Expertise Level Max.
B Personnel Cost Min (graph theory, 50, $180K) O M. Zihayat

ol
K. Selvaraga oy 4 . :
(gr-aph thEﬂr}". social network ana|)l'$i5, 9, $1 2% . (graph theor}"' social network ar"lalySlE. 20. $1 68K)

M. Kargar — 5 gg f _ ‘
(team formation, social network analysis, 21, $151K) (team formation, 9, $50K)
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l Non-temporal (Static)

Sum of distances

Sum of edge weights
Diameter of the subgraph
Cost of the spanning tree

Minimum subgraph based on (a) diameter (solid blue edges) vs.
(b) spanning tree (dashed red edges)
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Communication Cost Proticiency
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Lappas et al. [43] 2009 v ooy
Li et al. [92] 2010 v
Farhadi et al. [99] (2011) 2011 | v
Kargar et al. [44] 2011 v v
Datta et al. [93] (2012) 2012 | v v
Kargar et al. [98] 2012 v v
Gajewar et al. [105] 2012 |
Kargar et al. [97] 2013 v v v
Kargar et al. [96] 2013 v v v
Rangapuram et al. [106] 2013
Zihayat et al. [94] 2014 | v v v
Huang et al. [107] 2016 v v
Zihayat et al. [95] 2017 | v v
Zihayat et al. [84] 2018 v v Vv |V
Juarez et al. [78] 2018 | v
Nemec et al. [103] 2021 v
Selvarajah et al. [101] 2021 | v | v

Obijective overview



l Temporal (Dynamic)

Temporal (dynamic) communication cost is based on the fact that the least
communication cost exists between users who could maintain many successiul
collaborations over time till recently or currently.

min _ @pr(G[Vp]) = Z d(v,v') +

VpeP(G)
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l Proficiency

Proficiency of users indicates the level of expertise in a particular profession or a skill.

h-index
number of citations

Jure Leskovec

Professor of Computer Science, Stanford University.
Verified email at cs.stanford.edu - Homepage

TITLE

Inductive representation learning on large graphs
W Hamilton, Z Ying, J Leskovec
Advances in neural information processing systems 30

node2vec: Scalable feature learning for networks
A Grover, J Leskovec
Proceedings of the 22nd ACM SIGKDD intemnational conference on Knowledge ...

How powerful are graph neural networks?
K Xu, W Hu, J Leskovec, S Jegelka
arXiv preprint arXiv:1810.00826

On the opportunities and risks of foundation models
R Boemmasani
arXiv preprint arXiv:2108.07258

SNAP Datasets: Stanford large network dataset collection
J Leskovec, A Krevl

Graph convolutional neural networks for web-scale recommender systems
R Ying, R He, K Chen, P Eksombatchai, WL Hamilton, J Leskovec
Proceedings of the 24th ACM SIGKDD international conference on knowledge ..

B2 roLLowing

Machine Learning Al Graph Neural Networks Knowledge Graphs Complex Networks

CITED BY

23032

15050

12094

7405
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YEAR

2017

2016

2018

2021

2014

2018

Cited by VIEWALL
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Citations 2177 157536
h-index 17 147
i10-index 406 370
36000

27000

18000
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2013 2019 2020 2021 2022 2023 2024 2025

Public access VIEW ALL
2 articles 175 articles
not available available

Based on funding mandates
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l Proficiency

Proficiency of users indicates the level of expertise in a particular profession or a skill.

e h-index
e number of citations

AUthOFity [Zihayat et. Al., EDBT, 2017]

Sum of inverse of expertise level

1
min G|Vn|) = —
VpEP(G) $GLVD L a,
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Kargar et al. [96] 2013 v v v
Rangapuram et al. [106] 2013
Zihayat et al. [94] 2014 | v v v
Huang et al. [107] 2016 v v
Zihayat et al. [95] 2017 | v v oV
Zihayat et al. [84] 2018 v v Vv |V
Juarez et al. [78] 2018 | v
Nemec et al. [103] 2021 v
Selvarajah et al. [101] 2021 | v |
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l Multi-Objective Optimization

* Communication cost and proficiency
[Zihayat et. al., AMW, 201 8]
[Zihayat et. al., EDBT, 2017]

* Communication cost and personnel cost

[Aijun et. al., SDM, 2013]
[Kargar et. al., CSE, 201 3]
[Zihayat et. al., AMW, 201 8]

* Density and proficiency

[Juarez et. al., GECCQO,, 201 8]

* Communication cost, personnel cost and proficiency
[Zihayat et. al., WI-IAT, 2014]

* Dynamic communication cost, geographical proximity, and proficiency
[Selvarajah et. al., Expert Syst. Appl., 2021]

58



Communication Cost Proticiency
g ®» ~ T T & S |3 &£
N E @ T §|g 2 2 & |8 B
T | £ s = 2 %/ 8 % z & e >
Year .5 = B A o E A (?5 k] <5 T :‘é S é
> 8 = =3 S "8 w P S o i L
35 A 5 M g c 9 T g g & 0
< o} = = o o an 3] ©
3 3R @ g o | & &
= w C = e
& O # v,
Lappas et al. [43] 2009 v ooV
Li et al. [92] 2010 v
Farhadi et al. [99] (2011) 2011 | v
Kargar et al. [44] 2011 v v
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Rangapuram et al. [106] 2013
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l Subgraph Optimization Algorithms

Subgraph Optimization is NP-hard

[Karp, Complexity of computer computations, Springer, 2010]

Heuristics for Polynomial Time
Greedy
Approximation

60



l Communication Cost Minimization Algorithms

Lappas et al. is the first attempt to form a team based on the subgraph optimization on
the user network. [Lappas et. al., KDD, 2009

Key Concept:  Reducing the cost of communication between team members.

» Diameter-Based Optimization  RarestFirst

» Spanning Tree-Based Optimization ~ CoverSteiner and EnhancedSteiner
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l A Survey of Subgraph Optimization for Expert Team Formation

ACM Computing Surveys, 2025
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Deep Neural Networks for Optimal
Team Composition

Anna Sapienza’, Palash Goyal’ and Emilio Ferrara*

USC Information Sciences Institute, Los Angeles, CA, United States

Cooperation is a fundamental social mechanism, whose effects on human performance
have been investigated in several environments. Online games are modern-days natural
settings in which cooperation strongly affects human behavior. Every day, millions of
players connect and play together in team-based games: the patterns of cooperation can
either foster or hinder individual skill learning and performance. This work has three goals:
(i) identifying teammates’ influence on players’ performance in the short and long term,
(ii) designing a computational framework to recommend teammates to improve players'
performance, and (jii) setting to demonstrate that such improvements can be predicted
via deep learning. We leverage a large dataset from Dota 2, a popular Multiplayer Online
Battle Arena game. We generate a directed co-play network, whose links' weights depict
the effect of teammates on players’ performance. Specifically, we propose a measure
of network influence that captures skill transfer from player to player over time. We
then use such framing to design a recommendation system to suggest new teammates
based on a modified deep neural autoencoder and we demonstrate its state-of-the-art
recommendation performance. We finally provide insights into skill transfer effects: our
experimental results demonstrate that such dynamics can be predicted using deep
neural networks.

Keywords: recommendation system, link prediction, deep neural network, graph factorization, multiplayer
online games

* Learn the inherent structure of ties among users

and their skills.

» Utilize all past (un)successful team compositions

as training samples.

* Predict future teams and their performance.
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l Neural Team Recommendation

Utilize past (un)successful teams as training samples.
Predict future teams whose success is glipesissUgsiAguaranteed!

Efficiency: iterative and online learning procedures
Efficacy: improved prediction and team performance
Scalability: can handle larger pool of experts

Dynamic Adaptation: better suited for temporal studies

70



l Team

Given a-set of skills S ={i} ‘and a set of
users £ ={j}, a team of users ecE ; e #
@ that collectively cover the skill set scS
'S # @ is shown by (s.e) along with its
success status y€{0,1}. Further, T =
{(s,e)y: ye{0,1} indexes all previous
teams.

A Streaming Approach to Neural Team
Formation Training

Hossein Fani™ ®, Reza Barzegar(®, Arman Dashti(®, and Mahdis Saeedi

University of/Windsor, Windsor, ON, Canada
{hfani,barzegar,vaghehd ,msaeedi}@uwindsor.ca

Abstract. Prediiting future successful teams of experts who can effec-
tively collaborate is challenging due to the experts’ temporality of skill
sets, levels of expeutise, and collaboration ties, which is overlooked by
prior work. Specifically, state-of-the-art neural-based methods learn vec-
tor representations of experts and skills in a static latent space, falling
short of incorporating the possible drift and variability of experts’ skills
and collaboration ties in tinie. In this paper, we propose (1) a streaming-
based training strategy for heural models to capture the evolution of
experts’ skills and collaboration ties over time and (2) to consume time
information as an additional signal to the model for predicting future suc-
cesstul teams. We empirically benchmark our proposed method against
state-of-the-art neural team formation methods and a strong temporal
recommender system ~n datasets from varying domains with distinct dis-
tributions of skills anl experts in teams. The results demonstrate neural
models that utilize our _proposed training strategy excel at efficacy in
terms of classification and i=formation retrieval metrics. The codebase is
available at hitps://github.com/fani-lab/OpeNTF /tree/ecir24.

Keywords: Neural Team Formation - Training Strategy - OpeNTF
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l Team Recommendation

Hossein Fani™ ®, Reza Barzegar(®, Arman Dashti(®, and Mahdis Saeedi

Given a subset of skills s and all teams T, the Team 4

Recommendation problem aims at identifying an
optimal subset of users e* such that their
collaboration in the predicted team / (s, e*) isf
successful, that is (s,e")y=; , while avoiding a
subset of users e’ resulting in (s,e'),=o . More
concretely, the Team ReCommendation problem s
to find a mapping function f of parameters @ from
the powerset of skills to the powerset of s such

that fg : P(S) = P(E), fo(s) = e”.

A Streaming Approach to Neural Team
Formation Training

University of Windsor, Windsor, ON, Canada
{hfani,barzegar,vaghehd,msaeedi}@uwindsor.ca

Abstract. Predicting future successful teams of experts who can effec-
tively collaborate is challenging due to the experts’ temporality of skill
sets, levels of expertise, and collaboration ties, which is overlooked by
prior work. Specifically, state-of-the-art neural-based methods learn vec-
tor representations of experts and skills in a static latent space, falling
short of incorporating the possible drift and variability of experts’ skills
and collaboration ties in time. In this paper, we propose (1) a streaming-
based training strategy for neural models to capture the evolution of
experts’ skills and collaboration ties over time and (2) to consume time
information as an additional signal to the model for predicting future suc-
cesstul teams. We empirically benchmark our proposed method against
state-of-the-art neural team formation methods and a strong temporal
recommender system on datasets from varying domains with distinct dis-
tributions of skills and experts in teams. The results demonstrate neural
models that utilize our proposed training strategy excel at efficacy in
terms of classification and information retrieval metrics. The codebase is
available at https://github.com/fani-lab/OpeNTF /tree/ecir24.

Keywords: Neural Team Formation - Training Strategy - OpeNTF
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l Feedforward

11
Neural Team Recommendation & h gz

3
Given the traiping set 1 0, 0, 1 V)
Recommengdation estimates fg(S) using 0
a multi-| . 0;
from S1L9
of /Subset of skills s, referred to as O JI€l

V to a vector representation of subset
of experts e”, referred to as .+, by
maximizing a  posterior h = (8w, +b,)
probability of @ in fg over T, that is, logits — z = 0,h + b,
argmax g p(8]7) Ve =0 (2)
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1 1:

| w

Neural Team Recommendation 14 h . oé
O V3

Biased

v, to a vector representation of subset
of experts e™, referred to as v+, by
maximizing a  posterior
probability of @ in fg over T, that is,
argmax g p(@17)

h =m(0,v5+b;)
logits > z=0,h + b,
Vex = O <Z>
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lFeedforward —  Systematic Discrimination

Traditional FNNs can overfit and provide overconfident predictions,
especially with limited or noisy data because :

- TJraining sets in team recommendation models suffer from
popularity bias;

- The majority of experts (non-popular experts) have scarcely
participated in the teams , whereas few experts (popular ones)
are in many teams.
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l Variational Bayesian

Using probabilistic weights as opposed to single real-valued weights.

- Treating the network's weights as probability distributions instead
of fixed values.

- Distribution of predictions rather than a single deterministic
output.
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l Variational Bayesian

Maximizing the likelihood function t of 8 :

- Cross entropy (Classification)
- Sum of squares error (Regression)
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l Variational Bayesian

By Bayes theorem: Multiplying the likelihood with a
prior distribution p(8).

Hint: The true prior probability of weights p(6) cannot
be calculated efficiently.

0~ 0); q(8)=N(u, 0) — min KL(q Il p)
Ko SPIEs[Sales between ¢g(6) and p(0)

Minimizing the CllleETelS
https://github.com/IntellLabs/bayesian-torch

Challenges & New Perspectives

S
Variational Bayesian

o
O i
Ll

Applications

OJlel
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Curse of Sparsity at the Input Layer
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l Graph Representation Learning

Transfer learning-based

transfer

81



Two step training
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l End-to-End Graph Neural Network

>[ edge ]<
P == w _|prediction
O,

Challenges & New Perspectives

Applications
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I Transfer learning-based Methods

Meta Path-based

=

P
N NS NS N
1 | ]
N A AN A
<=
(o]

Meta-paths
0,
K

o~

4 ™

Semantic Relations to
Node Embeddings

\ vy

GREE

d-dimension

o
—

Representation | O |||
Learning

[Rad et. Al., Sigir ,2021]
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l Transfer learning-based Methods

I

ey

Representation | O | (g
Learning

k+1
U,

—~ comb(vfﬁ, agg(ﬁf. L X € Nsk))

I



l Graph Representation Learning

Inductive methods — GraphSAGE
Can infer vector representations for unseen skill nodes based on Tl
existing nodes residing in the neighbourhood of the unseen skill
node. [Hamilton et. al., NIPS, 2017]

Attentive methods— GAT
Allocate attention coefficients to a skill node's neighbours to signify

their importance in updating the skill node's vector.
[Velickovic et. al., ICLR, 2018]

[
hy

Isomorphism methods— GIN

Next to the skill vectors, the agg and comb functions are also
parameterized and learnable based on Weisfeiler-Lehman graph
isomorphism test. [Xu et al. ICLR 2019]



' Graph Neural Network For Team Recommendation

Research Question

Which dense vector representation is of the best quality
across neural team recommenders and datasets?

[Ahmed et. Al., WISE ,2024]



Introduction and Background

[Ahmed et. Al., WISE ,2024]

Pioneering Techniques Team Refinement Challenges & New Perspectives
Y aueroc Jprecision Jrecall %ndcg Jmap
@2 @5 @10 @2 @5 @10 @2 @5 @10 @2 @5 @10
skill-expert
m-hot [43] 77.54| 0.78 0.70 0.65] 0.49 1.07 1.96| 0.79 0.96 1.37| 0.37 0.53 0.66
d2v [I6M3J31] 76.36| 1.05 0.83 0.72| 0.64 1.27 2.21| 1.09 1.18 1.62| 0.51 0.72 0.88
m2v [38] 76.88| 1.21 1.01 0.80| 0.73 1.54 2.44| 1.25 1.42 1.83| 0.58 0.84 0.99
gs [18] 77.811 1.01 0.92 0.83] 0.60 1.38 2.51| 1.05 1.24 1.76{ 0.51 0.72 0.90
gat [51] 77.62| 1.30 1.10 0.85| 0.79 1.66 2.57| 1.29 1.49 1.92| 0.59 0.84 0.98
gatv? I5] 77.57 1.28 096 081 0.78 1.44 2.45 1.33 1.39 1.85| 0.62 0.82 0.97
WATED T77.84/1.39 1.09 0.83]0.84 1.64 2,19 1.46 1.56 1.96 0.67 0.93 1.05
0.27 0.93 2.(]7 0.41 0. 25| 0.18 0.37 0.53
0.68 1.37 2.35|1.15 1.26 1.72| 0.51 0.71 0.87
skill-team-expert |
0.49 1.07 1.96| 0.79 0.96 1.37| 0.37 0.53 0.66
0.59 1.24 2.13| 1.00 1.13 1.55| 0.46 0.66 0.82
. 0.50 1.14 2.07| 0.83 1.01 1.44| 0.39 0.59 0.75
. 067 131 . : . 1 0.55 0.73 0.88
77,87 1.35 1,19 0.92/0,81 1.78 2.76 1,391.622.080:61 0.92 1.09
gatvE 77. ?5 127 092 080 {]?7 139 2.40{ 1.29 1.32 1.80| 0.59 0.77 0.94
han [53] 77.86| 1.34 1.07 0.89/0.81 1.61 2.66/1.42 1.53 2.02/0.66 0.90 1.08
gin [55] 77.771 1.31 0.95 0.78| 0.78 1.43 2.35| 1.35 1.37 1.80| 0.61 0.78 0.92
gine [19] 76.70| 1.18 1.02 0.83| 0.69 1.52 2.49| 1.16 1.35 1.80| 0.51 0.76 0.92

Average performance of 3-fold fnn on test set in dblp

Applications



Introduction and Background

Pioneering Techniques

[Ahmed et. Al., WISE ,2024]

Team Refinement

Challenges & New Perspectives

\ Jprecision Jrecall %ndcg Jimap

hauCToC e g5 010 @2 @5 @10 @ @5 010 @2 @5 010
skill-expert

m-hot [43] 71.4210.60 0.53 0.49] 0.37 0.82 1.51] 0.61 0.73 1.05] 0.30 0.43 0.54
d2v lﬂm 72.86| 0.82 0.68 0.61] 0.49 1.02 1.86| 0.84 0.95 1.33| 0.39 0.56 0.69
m2v [38] 7038 0.46 0.41 0.39] 0.29 0.63 1.20( 0.47 0.57 0.83] 0.22 0.32 0.40
gs m 75.05] 0.70 0.63 0.58] 0.42 0.95 1.75| 0.71 0.85 1.22(0.32 0.47 0.59
75.41 0.32 082 1.60{ 0.54 0.70 1.06( 0.24 0.38 0.49

gat [51]
han [53]

_g 00 0

054 054 053

410.59 1.3

2 2,231

0.35 0.79 1.54] 0.60

03 1.20 1.62

0.47 0.68 0.83

0.71 1.05| 0.28 0.40 0.51
gin 72.33| 0.80 0.61 0.52] 0.48 0.92 1.57| 0.83 0.88 1.13| 0.40 0.54 0.64
gine [19] 74.10| 0.76 0.63 0.56| 0.46 0.96 1.71| 0.78 0.88 1.23| 0.37 0.52 0.63

skill-team-expert

m-hot [43] 71.421 0.60 0.53 0.49]| 0.37 0.82 1.51| 0.61 0.73 1.05| 0.30 0.43 0.54
d2v [I6M3131] 72.86| 0.82 0.68 0.61| 0.49 1.02 1.86| 0.84 0.95 1.33| 0.39 0.56 0.69
m2v |38] 66.77 0.33 0.31 0.32{ 0.20 0.48 0.98| 0.34 0.42 0.65| 0.15 0.23 0.30
gs [18] 76.34| 0.75 0.71 0.66| 0.46 1.08 2.00| 0.74 0.94 1.36| 0.34 0.52 0.65
gat |51] 76.29| 0.72 0.66 0.62| 0.44 0.99 1.86| 0.72 0.87 1.28| 0.33 0.49 0.62
gatv2 [5] 74.82| 0.73 0.64 0.54| 0.44 0.96 1.64| 0.75 0.87 1.19 035 0.49 0.58
han |53/ 76,63| 0.92 0,80 0.71| 0.55 1,20 2.15| 0.94 1,09 1.53| 0.43 0.61 0.76
gin |55] ?L$}0690600520420911ﬁ9073034115035049060
gine [19] 74.3110.95 0.75 0.63/0.57 1.12 1.90/1.00 1.08 1.44/0.48 0.66 0.79

Average performance of 3-fold bnn on test set in dblp

Applications



[Ahmed et. Al, WISE ,2024]

Research Question

Do neural team recommenders of different architectures benefit from dense
vectors equally?
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[Ahmed et. Al., WISE ,2024]

fnn bnn
Yaucroc Yiprecision Yirecall “indcg fimap Y aucroc %iprecision hrecall %ndcg map
@2 @5 @10 @2 @5 @10 @2 @5 @10 @2 @5 @10 @2 @5 @10 @2 @5 @10 @2 @5 @10 @2 05 @10
skill-expert skill-expert
m-hot [43) 77.54| 0.78 0.70 0.65| 0.49 1.07 1.96| 0.79 0.96 1.37|0.37 0.53 0.66 m-hot [43] 71.42| 0.60 0.53 0.49| 0.37 0.82 1.51| 0.61 0.73 1.05( 0.30 0.43 0.54
d2v [I6HE3IB1] 76.36| 1.05 0.83 0.72] 0.64 1.27 2.21| 1.09 1.18 1.62| 0.51 0.72 0.88 d2v |[I6H3131] 72.86| 0.82 0.68 0.61) 0.49 1.02 1.86| 0.84 0.95 1.33| 0.39 0.56 0.69
m2v @ 76.88) 1.21 1.01 0.80] 0.73 1.54 2.44| 1.25 1.42 1.83| 0.58 0.84 0.99 m2v [33) 70.38( 0.46 0.41 0.39/ 0.29 0.63 1.20| 0.47 0.57 0.83] 0.22 0.32 0.40
gs [18] 77.81/ 1.01 0.92 0.83| 0.60 1.38 2.51| 1.05 1.24 1.76{ 0.51 0.72 0.90  gs |18 75.05| 0.70 0.63 0.58| 0.42 0.95 1.75| 0.71 0.85 1.22| 0.32 0.47 0.59
gat [51] 77.62) 1.30 1.10 0.85| 0.79 1.66 2.57| 1.29 1.49 1.92| 0.59 0.84 0.98 gat [51] 75.41| 0.54 0.54 0.53| 0.32 0.82 1.60| 0.54 0.70 1.06| 0.24 0.38 0.49
gatv2 5] 77.57| 1.28 0.96 0.81| 0.78 1.44 2.45| 1.33 1.39 1.85|0.62 0.82 097  gatv2 |3 76.99/1.00 0.87 0.74|0.59 1.32 2.231.03 1.20 1.62|0.47 0.68 0.83

TT.84/1.39 1.09 (0.83]10.84 1.61 219 1.46 1.56 1.96|0.67 0.93 1 han [53) 75.29( 0.59 0.52 0.51| 0.35 0.79 1.54| 0.60 0.71 1.05| 0.28 0.40 0.51

gin |53] 77.25( 0.44 0.63 0.69| 0.27 0.93 2.07| 0.41 0.72 1.25|0.18 0.37 0.53  gin [53) 72.33| 0.80 0.61 0.52| 0.48 0.92 1.57| 0.83 0.83 1.18| 0.40 0.54 0.64

gine [19] 77.53| 1.15 0.92 0.79]| 0.68 1.37 2.35| 1.15 1.26 1.72|{ 0.51 0.71 0.87 gine [19] 74.10| 0.76 0.63 0.56| 0.46 0.96 1.71| 0.78 0.88 1.23| 0.37 0.52 0.63
skill-team-expert skill-team-expert

m-hot [43] 77.54/ 0.78 0.70 0.65] 0.49 1.07 1.96] 0.79 0.96 1.37|0.37 0.53 0.66  m-hot |43 71.42{ 0.60 0.53 0.49| 0.37 0.82 1.51| 0.61 0.73 1.05| 0.30 0.43 0.54

d2v [IGH3BI] 75.51| 0.97 0.82 0.70| 0.59 1.24 2.13| 1.00 1.13 1.55| 0.46 0.66 0.82 d2v 72.86( 0.82 0.68 0.61] 0.49 1.02 1.86| 0.84 0.95 1.33| 0.39 0.56 0.69

m2v |35 74.65 0.81 0.74 0.68) 0.50 1.14 2.07| 0.83 1.01 1.44|0.39 0.59 0.75  m2v [3§] 66.77| 0.33 0.31 0.32| 0.20 0.48 0.98| 0.34 0.42 0.65| 0.15 0.23 0.30

0.87

0.67 1.31 2.24

1.19 1.26 1.69|0.55 0.73 0.88 gs [18] 76.34( 0.75 0.71 0.66| 0.46 1.08 2.00| 0.74 0.94 1.36| 0.34 0.52 0.65

gat |5 77.871.351.19 0.92/0.81 1.78 2.76 | 2,08 (.64 0,92 1.09 gat [5] 76.291 0.72 0.66 0.62]| 0.44 099 1.86| 0.72 0.87 1.28| 0.33 0.49 0.62
gatv2 [5] 77.75| 1.27 0.92 0.80] 0.77 1.39 2.40| 1.29 1.32 1.80| 0.59 0.77 0.94  gatv2 [3] 74.82| 0.73 0.64 0.54| 0.44 0.96 1.64] 0.75 0.87 1.19] 0.35 0.49 0.58
han [53] 77.86| 1.34 1.07 0.89/0.81 1.61 2.66/1.42 1.53 2.02|0.66 0.90 1.08  han |53 76.63| 0.92 0.80 0.71] 0.55 1.20 2.15| 0.94 1.09 1.53| 0.43 0.61 0.76
gin [55] 77.77| 1.31 0.95 0.78/ 0.78 1.43 2.35| 1.35 1.37 1.80| 0.61 0.78 0.92  gin [533] 71.39| 0.69 0.60 0.52| 0.42 0.91 1.59| 0.73 0.84 1.15| 0.35 0.49 0.60
gine [19] 76.70| 1.18 1.02 0.83| 0.69 1.52 2.49| 1.16 1.35 1.80| 0.51 0.76 0.92  gine [19] 74.31)0.95 0.75 0.63/0.57 1.12 1.90/1.00 1.08 1.44]/0.48 0.66 0.79

fnn vs bnn performances for dblp



l Training Strategies — Negative Sampling

Most available data in team recommendation domain only consists of
successful teams.

Closed-World Assumption

€3
e, \
currently known team Ssﬁ\ L

! S3 \
successful AN

Negative team:  experts €1, €3
skils S, S, S3



l Training Strategies — Negative Sampling

Optimization function discriminates successful from unsuccessful teams
through negative sampling.

Positive Samples

k
Z [log o (0] - v5) + Z log o(~0, - vg)]
Lo €T toer ~Pit or €T

(\j 2} Negative Samples

Probability Distribution
[Dashti et. al., CIKM, 2022]
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l Training Strategies — Streaming

Predicting future successful teams of users who can effectively collaborate is challenging
due to experts’ temporality of skill sets, levels of expertise and collaboration ties

—
~—
~
—

Neural model learns vector

< i representations for users and skills
oo at time interval t

gl

% Initiates learning for the next time

interval t + 1

[Fani et. al., ECIR, 2024] 94
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l Dataset

Pioneering Techniques

Releases 50
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. | | J]]
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short of incorporating the possible drift and variability of experts’ skills
and collaboration ties in time. In this paper, we propose (1) a streaming-
based training strategy for neural models to capture the evolution of
experts’ skills and collaboration ties over time and (2) to consume time
information as an additional signal to the model for predicting future suc-
cessful teams. We empirically benchmark our proposed method against
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tributions of skills and experts in teams. The results demonstrate neural
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l Dataset

dblp uspt imdb gith
#eams 4877383 7068308 307.034 132851
#unique experts 5,022955 3,508,807 876,981 452,606
#unique skills 89,504 241,961 28 20
Avg #expert per team  3.06 2.51 1.88 5.52
Avg #skill per team 8.57 6.29 1.54 1.37
Avg #team per expert 2,97 5.05 1.09 1.62
Avg #skill per expert  16.73 19.49 1.59 2.03
#team w/ single expert 768,956 2,578.898 322918 0
#eam w/ single skill 5,569 939,955 315,503 69,131

Dataset Statistics and Distribution
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l Dataset P lp | [ imdb | e uset | e, eith
-l £, g 2
@l R e L
Ew, E,- Ew. gw. ~
i e Ty »' T w0 e e
dblp uspt imdb gith
#eams 4877383 T.0683508  307.034 132,831
#unique experts 5,022955 3,508,807 876981 452,606
#unique skills 89.504 241,961 28 20
Avg #expert per team  3.06 2.51 1.88 5.52
Avg #skill per team 8.57 6.29 1.54 1.37
Avg #team per expert  2.97 5.05 1.09 1.62
Avg #skill per expert  16.73 19.49 1.59 2.03
#team w/ single expert 768,956 2,578.898 322918 0
#eam w/ single skill 5,569 939,955 315,503 69,131

Dataset Statistics and Distribution

Applications
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Pioneering Techniques Team Refinement

Challenges & New Perspectives

fteams fteams fteams f#teams
l Dataset . _[QEEE. DR . -2 . DIDET
a’ atfl xxxxx-xxa a 10T B XX O X MK
2 »' -z z w -5
#teams “#teans #teams “#teams
dblp uspt imdb gith
#eams 4877383 7,068508  3507.034 1323831
#unique experts 5,022955  3,508.807 876981 452,606
#unique skills 89,504 241,961 28 20
Avg #expert per team  3.06 2.51 1.88 5.52
Avg #skill per team 8.57 6.29 1.54 1.37
Avg #team per expert  2.97 5.05 1.09 1.62
Avg #skill per expert  16.73 19.49 1.59 2.03
#team w/ single expert 768,956 2,578.898 322918 0
#team w/ single skill 5,569 939,955 315,503 69,131

Dataset Statistics and Distribution

Applications
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l Metrics

Given a test team (s, e)

Precision: How many of the k predicted experts é are correctly in e: P(k) = —legél

lené|

le]

Recall: How many of the correct experts e has been predicted in é: R(k) =

Success: Did we at least predict one expert from e: S(k) = |len €| >0
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l Metrics

Reciprocal Rank: the position of [[[f]l correct expert. The [EREMERR, the

1
RR(K) = {rank rank < k
0 otherwise

YR P@) X 8,(0)
le]

Average Precision: AP(k) =

00 (i) returns 1 if the i-th expertisin e,

k. 5e_(i)
Normalized Discounted Cumulative Gain: nDCG(Kk) = lle_|11°g(;+1)

i=1 log(i+1)
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l Metrics

Skill coverage:

Already skillful
(via another team)
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. N —_— —_

l Metrics S B -
SeEhaAe s
~ Al A Al &
S8R R8S8
phspetsampel:
IIIITIITT
o ST E T Eg T

Metrics SRBRETEER
v MO o O X
e Average Precision VvV VYV
3 Reciprocal Rank Vv vV
= Discounted Cumulative Gain VvV VY
S Recall ~— 7, VvV VI
£ Precision v v
g- Area Under Curve Vv v
+ Squared Error v
Skill Coverage v v
Communication Cost v

Evaluation Metrics
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I Outline

V) Team Refinement



Pioneering Techniques Learning-based Heuristics

l Team Refinement

Refining a team

o Improving the effectiveness of initially formed team.

o Enhancing the collaboration among team members.

o Structural adjustment
o Membership substitution
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l Structural adjustment

clarifying authority
Task-dependent structures |

» NJIl®e=sE in companies
L. streamlining decision-making
Hierarchical structure

‘ — streamlining decision-making

» [E¥lg= in research teams

L. idea exchange

[Almutairi et. Al., Human-Computer Interaction for Work (CHIWORK), 2025]
[Zhou et. Al., CHI Conference on Human Factors in Computing Systems, 2018]

[He et. Al., ACM Hum.-Comput. Interact. 1, CSCW, 2017] 105
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l Structural adjustment
DreamTleam, a multi-armed bandit chatbot.

o DreamTeam takes in a set of dimensions representing team structures.

o The system reacts based on feedback from automatically collected metrics
such as task performance, or self-reported metrics such as member ratings
on the team'’s collaboration

o Reward function encapsulates these metrics.

o DreamTleam learns and selects what to explore next based on the reward
function.

[Zhou et. Al., CHI Conference on Human Factors in Computing Systems, 2018]

DIMENSION

BANDIT

Hierarchy
Early constraint

Interaction
patterns
Ongoing constraint

Norms of
Engagement
Late constraint

Decision-making
Norms
Late constraint

Feedback Norms
Ongoing constraint

VALUES

ARMS

None: no structure enforced, teams can do anything
B Centralized: elect a leader
B Decentralized: majority-led vote to determine responses

[l Emergent: allow patterns to emerge organically
Round-robin: take turns making suggestions
Equally distributed: post in similar quantities as teammates

[l None: no structure enforced, teams can do anything
Professional: use professional language with each other
Informal: get to know your teammates and add fun to the task

[l None: no structure enforced, teams can do anything

B Divergent: think of diverse ideas

B Convergent: generate consensus and use compromise
Informed: make informed and thoughtful judgments
Rapid: make decisions as quickly as possible

[l None: no structure enforced, teams can do anything

B Encouraging: give positive encouraging comments to teammates
Critical: critique and play devil's advocate
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l Structural adjustment

tAlfa, an Al agent that uses LLMs to provide
personalized, automated feedback to teams
and their members.

o Retrieve and structure team conversations.

o FEvaluate team dynamics using rule-based metrics and
LLM analysis.

o Use LLM to generate individual and team feedback
messages.

o Deliver feedback privately and as group messages
tagging all members.

I
KR

Team Conversation

Bob 3:50 FM

@channel Let's finalize the timeline of the paper writing.

LBV

Alice 2:51PM
Agreed!
@

Charlie 12:43 PM

Today ~

@channel | think we should allocate more time for the data analysis.

e &

ma 4 replies View

=l tAlfaAgent 12:45pM

thread

@channel The team'’s primary objective was to write a paper by
analyzing data. The team employed collaborative brainstorming and...

@

tAlfa Agent = Oy visible to you

12:46 PM

@Bob  Great work organizing the project! Here are some key
improvements for efficient communication with the team...

@

[Almutairi et. Al., Human-Computer Interaction for Work (CHIWORK), 2025]

Retrieving and

Pre-processing Team

Conversations Create Feedback
Prompts

LLM Feedback
Generation

Deliver Feedback
Messages

Evaluation Metrics:

Average Conversation Duration
Average Speaker Turn

Average Word Count
Self-Reported Measures
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Pioneering Techniques Learning-based Heuristics

l Membership substitution

Expansion
Replacement

o Skills No Longer Match Project Needs
o Member Absence
o Reduced Contribution

[Lv et. Al., Decision Support Systems, 2024 ]

[Zhao et. Al., Springer International Publishing AG, part of Springer Nature, 2018] 109



Pioneering Techniques

Learning-based Heuristics

l Membership substitution

" Employee Network e ~
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[Lv et. Al., Decision Support Systems, 2024 ]
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l Membership substitution

TECE, Team Expansion in Collaborative Environments

Goal:

Select the most suitable candidate to expand a team by jointly considering the relationships
among the candidate, team task, and existing team members.

[Zhao et. Al., Springer International Publishing AG, part of Springer Nature, 2018] 111



Estimated score  Real score

l MemberShip substitution _T_g.m
i T RelU |:I:*‘*:IFt:s=.|LL.I 4 RelU E
TECE, predict a unified fitness score OO0 OOT0 OO e
| [T 10 !
» Task—Candidate Interaction: Learns how candidate skills  pREfEE DR ERCpER Ereens
align with task requirements using collaborative filtering. t 0 i) inputiayer

Team task Team leader New individual

» (Candidate—Leader Interaction: Models social compatibility through interactions between
the candidate and team leader.

» Team State Interaction: Captures current team dynamics via task—leader relationships to
find complementary candidates.

[Zhao et. Al., Springer International Publishing AG, part of Springer Nature, 2018] 12



l Membership substitution

GCO-DQN, Graph Combinatorial Optimization for Deep Quality Network

Goal:

learn member representations using reinforcement learning and graph neural networks to

form teams that satisfy new project requirements while minimizing disruption from
reallocating members from their previous teams.

[Lv et. Al., Decision Support Systems, 2024 ] 113



Pioneering Techniques Learning-based Heuristics

0 0 0
l Membership substitution .
==
N /N - Objective i
(" Kate Bob lJack : Buntfion Kate
GCO-DQN, J —
= s+ &4 Solution :x =
oise
Evaluator — - :
Solution mV) DQN

» Problem Setup

Form project teams from an organizational network while meeting skill requirements and
minimizing disruption.

Employees are nodes with skills, rank, and communication links.

[Lv et. Al., Decision Support Systems, 2024 ] 114



Pioneering Techniques Learning-based Heuristics

l Membership substitution

Solution Set
Network z &
ctwor =
&) =
/ £
T N
N\ Objective
e— .
P Function
Kate Bob Jack Kate
- Solution 1 ; Reward
GCO-DQN, wont | 0 e A
: : <
Solution Jx
Noise :
&
Evaluator I \
Solution mv) DQN

» Data Preparation:

Use a probabilistic greedy algorithm to generate multiple candidate team solutions.

[Lv et. Al., Decision Support Systems, 2024 ]

115



0 0 0
l M e m be rS h I p S U bSt I t u t I O n Organizational S Solution Set
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N / N - Objective i
(" Kate Bob lJack Buntfion Kate
GCO_ DQN y l Solution Is/ s R‘cwm"(‘l - A
= *** = Solution :x : 5 S
01S¢
Evaluator o
Solution mVJ D QN

» Node Quality Prediction (GNN)

Graph Neural Network evaluates each employee’'s potential contribution based on skills and
network influence.

Filters out less suitable candidates and ranks employees for team selection.

[Lv et. Al., Decision Support Systems, 2024 ] 116



Pioneering Techniques Learning-based Heuristics

0 0 0
l Membership substitution .
=il
N /N - Objective i
(" Kate Bob lJack : Buntfion Kate
GCO-DQN, | oy
= s+ &4 Solution :x =
01S¢
Evaluator — - :
Solution mV) DQN

» Team Formation via Reinforcement Learning (GCO-DQN)

o State: current team composition.
o Action: adding an employee.
o Reward: improvement in team effectiveness.

[Lv et. Al,, Decision Support Systems, 2024] 117



Pioneering Techniques Learning-based Heuristics

l Team Formation — Refinement Technigues

» Forming teams by applying team refinement methos.

» Refinement techniques provide a way to iteratively adjust
team composition toward higher performance teams.
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Reinforcement Learning



l Team Formation — Refinement Technigues

Leverage Refinement via Reinforcement Learning (RL):
» Model team formation as a sequential decision-making process.

» Start with an initial team and iteratively refine it by adding, removing, or
swapping members.

» An RL agent receives feedback (reward) based on the improvement in team
performance metrics.
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Pioneering Techniques Learning-based Heuristics

l Team Formation — Refinement Technigues

» Captures dynamic and contextual dependencies.

» Adapts through experience and feedback.

Challenges

» Sparse or delayed rewards make training unstable.

» Limited applicability in real-world expert domains (e.g., research or
organizational teams).
121



Pioneering Techniques Learning-based Heuristics

l Team Formation — Refinement Technigues

Refinement-Based Team Formation in
Game and Simulated Environments

o State space: Current team composition,
available candidates, task requirements.

o Actions: Propose to add/remove

members, accept/reject negotiation offers.

o Reward function: Captures team
performance, success, fairness, or stability
of formed teams.

The Thirty-Fourth AAAI Conference on Artificial Intelligence (AAAI-20)

Google Research Football: A Novel Reinforcement Learning Environment

Karol Kurach,* Anton Raichuk,* Piotr Staficzyk,* Michat Zajact
Olivier Bachem Lasse Espeholt Carlos Riquelme Damien Vincent
Marcin Michalski Olivier Bousquet Sylvain Gelly
Google Research, Brain Team

Abstract

Recent progress in the field of reinforcement learning has
been accelerated by virtual learning environments such
as video games, where novel algorithms and ideas can
be quickly tested in a safe and reproducible manner. We
introduce the Google Research Football Environment, a
new reinforcement learning environment where agents are
trained to play football in an advanced, physics-based 3D
simulator. The resulting environment is challenging, easy
to use and customize, and it is available under a permissive
open-source license. In addition, it provides support for
multiplayer and multi-agent experiments. We propose three
full-game scenarios of varying difficulty with the Football
Benchmarks and report baseline results for three commonly
used reinforcement algorithms (IMPALA, PPO, and Ape-X
DQN). We also provide a diverse set of simpler scenarios
with the Football Academy and showcase several promising
research directions.

[Kurach et. Al., The Thirty-Fourth AAAI Conference on Artificial Intelligence, 2020]

Figure 1: The Google Research Football Environment
(github.com/google-research/football) pro-
vides a novel reinforcement learning environment where
agents are trained to play football in an advance, physics
based 3D simulation.
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l Outline

V) Challenges and New Perspectives



l Immediate Direction

O Graph Modeling
OR Optimization OR Modeling

Graph Modeling & Optimization

Subgraph

Optimization No Work

Graph
Neural No Work
Network

Feedforward & Bayesian
Neural Network

<("‘2'*53177ing—\D?JL‘E‘e’d
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I End-to-End Approach

transfer

Transfer learning vs. End-to-End

EEEEEE Edge (TR B
H "'?..__--->[pr‘ediction]<
O,
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l End-to-End Approach

Research Question

Does end-to-end approach outperform transfer learning-based approach for team
recommendation?
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Introduction and Background

Pioneering Techniques

I End-to-End Approach

Learning-based Heuristics

Team Refinement

Challenges & New Perspectives Applications

> dblp imdb
%pr %rec %ndcg %map pr %rec %ndcg %map

@ @0 @5 @le @ @0 @ @l @ @le @ @10 @ @10 @5 @10

gs 1437 0924 5400 67.79 33.21 3839 25.18 28.10 | 1539 09.16 4973 57.44 3370 36.78 27.00 29.03
gin 1447 0907 5468 6695 3150 36.12 2274 2536 1408 0891 4534 5649 2849 3279 2176 24.30
|gine 07.66 07.65 21.56 44.17 1650 2474 1267 16.18 | 19.33 1221 53.14 6625 3880 4386 3113 34.07
o[gat 1433 0946 5381 68.86 38.11 4378 3144 3465 | 1466 09.17 4744 5747 3345 3740 27.17 29.68
gatv2 14.03 0948 5273 69.01 37.87 4398 3143 34.86 | 1449 0909 4672 57.18 3381 37.88 27.86 30.39
han 28.97 15.17 83.19 86.38 70.42 71.74 64.28 65.27 | 23.37 1542 57.82 74.15 45.58 52.38 37.42 42.21
mhot 00.70 00.65 01.07 01.96 0096 01.37 0053 00.66 | 00.75 00.70 0086 01.59 00.84 01.19 00.41 0052
d2v  00.83 0072 01.27 0221 0118 0162 00.72 0088 | 00.84 0076 0093 0172 0095 0132 0045 00.57
m2v  00.82 0070 01.24 02.13 01.13 0155 0066 00.82 | 00.84 00.77 0095 01.76 0095 01.33 0046 00.57
lant 0090 00.83 0135 0248 01.17 0169 0067 00.84 | 00.74 0068 0081 01.52 00.85 01.18 00.40 00.50

§ gs 00.87 00.74 0130 0224 0126 01.63 0060 00.76 | 00.83 00.73 0091 01.64 0095 0127 0044 0055
Llgin 0095 0078 0143 0235 0137 0157 0059 00.76 | 00.76 00.68 00.84 01.56 00.87 01.19 00.40 00.51
gine 01.02 00.83 0152 0249 0135 01.80 00.76 0092 | 00.73 0064 0082 0145 00.85 01.14 00.41 00.50
gat 0119 0092 0178 0275 01.62 0208 0092 01.09 | 0092 0082 0100 01.83 01.06 01.43 00.50 00.62
gatv2 01.01 00.83 0151 0251 0141 01.88 0080 00.96 | 00.87 00.80 0096 01.80 0098 0137 00.47 00.59
han 0093 0082 0142 0249 0133 01.82 0080 0097 | 00.77 0072 0086 01.63 0085 0121 0039 00.50
mhot 00.53 0049 00.82 0151 00.73 01.05 0043 0054 | 00.83 0074 0095 01.71 0092 01.28 00.45 00.57
d2v 0068 00.61 01.02 01.86 0095 0133 0056 00.69 | 00.87 0081 0099 01.84 0098 0138 00.47 00.60
m2v 0031 0032 0048 0098 0042 0065 0023 0030 | 00.76 00.71 0083 01.58 0085 01.20 0041 00.52
lant 00.66 0061 0101 01.87 0088 0128 0049 0061 | 01.01 0096 01.14 0218 01.18 01.66 0058 00.73
§ gs 00.71 00.66 01.08 0200 0094 0136 0052 0065 | 0099 0090 01.12 0203 01.12 01.55 00.54 00.67
L|gin 0060 0052 0091 01.59 0084 01.15 0049 00.60 | 00.90 00.83 0104 0192 01.07 0147 0052 00.65
gine 00.75 00.63 01.12 01.90 01.08 01.44 0066 00.79 | 01.01 0093 0115 0214 01.16 01.62 0058 00.71
gat  00.66 00.62 0099 01.86 0087 01.28 0049 00.62 | 0096 0086 01.07 0194 0110 0150 00.53 00.66
gatv2 00.64 0054 0096 01.64 0087 01.19 0049 0058 | 0093 0080 0105 01.84 01.05 0141 0051 00.62
han 00.80 00.71 01.20 02.15 01.09 0153 0061 00.76 | 01.06 0099 01.19 0225 0121 0L70 0059 00.74
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I Spatial Team Recommendation

l Transter
{uum
Meta Paths
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Geolocations only for skill vectors!

[Rad et. al., SIGIR 2021]
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l Fair and Diverse Team Recommendation

maximizing efficacy

team recommendation

methods
dblp imdb uspt
; X  male 30'x X  male 660 ; X male
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f— 5 20 @
£ 400 { g 3
= £ £
o] L) (]
& 200 - £ 101 £ 29
al X © o - a-l X0 X

Ll
a 2508 500 a 200 400 a 1000 2000
#teams #teams #teams

129



l Fair and Diverse Team Recommendation

Fairness in machine learning algorithms guarantees where a disadvantaged
group also known as a protected group, should be treated similarly to the
advantaged group as a whole.

[Altenburger et.al., AAAI Conference on Web and Social Media, 2017]

There is little to no diversity-aware algorithmic method that mitigates unfair
societal biases in team recommendation models.
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l Fair and Diverse Team Recommendation

There is little to no diversity-aware algorithmic method that mitigates unfair
societal biases in team recommendation models.

Notions of Group Fairness:

* Demographic Parity
* Equality of Opportunity
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l Fair and Diverse Team Recommendation

Demographic Parity

Candidate Pool Final Team

e O ©o
|I II II  Male: 70%
TT e Female: 30%

Demographic Parity
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l Fair and Diverse Team Recommendation

Demographic Parity :

Enforces the membership in a team to be independent of values of a protected
attribute for team members.

[P(eg €ET) =P(e; ET)|A[P(eg € T) =P(e; &€ T)]

\

Male Female
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l Fair and Diverse Team Recommendation

Equality of Opportunity

Qualified Set :
Python Programmers Final Team

A

Programmers

e Male: 50%
e Female: 50%

Opportunity

Cquaiy o ﬁ\ﬁ\ >
()

f
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l Fair and Diverse Team Recommendation

Equality of Opportunity:

Enforces the skilled membership in a team to be independent of values of a
protected attribute for team members,

[P(eo ETleg, Sey NS +@)=P(e; ETle; ,Ser NS # Q)]

/ \

Skilled Male Skilled Female
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l Fair and Diverse Team Recommendation

Debiasing algorithms can be categorized based on their integration into the machine
learning pipeline:

- Pre-process: No work, to the best of our knowledge
- In-process: Little work, vivaFemme  Moasses etal. BASSIGIR, 2024]
- Post-process: Little work, Adila toghmani etal, BAS-ECIR, 2022], [Geyik etal., KDD, 2019],
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l Fair and Diverse Team Recommendation

* Pre-processing methods modify data or label through re-sampling heuristics before
model training.
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l Fair and Diverse Team Recommendation

* In-processing techniques adjust the optimization process of models to balance

accuracy and fairness.
[Moasses et.al., BIAS-SIGIR, 2024]

predictions truth loss

|

. true negative 0 —|

R : male non-member
7):) false positive E —| )

\ _______________________ 9 male member

> —_—
PR i) -log@.8
true positive .g o -1oge. 8| female non-member

-

. = female member

* a
3
[+74]

—— i ——— — ——— e — — ] — — —— —_—— — — — i ——— — — i — — s — — — — ——

4
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|
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l Fair and Diverse Team Recommendation

* Post-processing methods modify model outputs during inference, which may
involve altering thresholds, scoring rules, or reranking the recommended list of
items.

[Loghmani et.al., BIAS-ECIR, 2022], [Geyik et.al., KDD, 2019]

Neural Team i _____________ Fairness- -
Dataset PN Formation —_— informed Teams
B lin ,
Re-ranking
Method
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l Fair and Diverse Team Recommendation

* Post-processing methods modify model outputs during inference, which may
involve altering thresholds, scoring rules, or reranking the recommended list of
items.

[Loghmani et.al., BIAS-ECIR, 2022], [Geyik et.al., KDD, 2019]

Required Skills |Recommended Experts| Top-5 | Reranking |

v ©

m
. 4 3
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Variational Bayesian
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l Multi-Objective Optimization
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l Outline

VI) Applications



l Applications

* Group Learning
* Reviewer Assignment

o Palliative Care
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l Applications

* Group Learning
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l Group Learning

Why group learning
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l Group Learning

Why group learning

Active Engagement:

Working in groups helps students engage deeply with the material and share their
knowledge
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l Group Learning

Why group learning

Active Engagement:

Working in groups helps students engage deeply with the material and share their
knowledge

Accountability:

Teamwork motivates students to enhance problem solving skills, stay on track and meet
deadlines.

147



l Group Learning

Why group learning

Active Engagement:

Working in groups helps students engage deeply with the material and share their
knowledge

Accountability:

Teamwork motivates students to enhance problem solving skills, stay on track and meet
deadlines.

Essential Skills:

Develops time management and communication skills for future success.
148



l Group Learning

Not all student groups work well.
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l Group Learning

Not all student groups work well. Why?
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l Group Learning

Not all student groups work well. Why?

Groups are not systematically formed.
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l Group Learning

Team recommendation approaches in the classroom

* Average grade
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l Group Learning

Team recommendation approaches in the classroom

* Average grade

* Availability for work
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l Group Learning

Team recommendation approaches in the classroom

* Average grade
* Availability for work

* Personality and behavior
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l Group Learning

Prior Methods
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l Group Learning

Prior Methods

* Integer linear programming (ILP)
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l Group Learning

Prior Methods

* Integer linear programming (ILP)
* Genetic Algorithm
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l Group Learning

Prior Methods

* Integer linear programming (ILP)
* (Genetic Algorithm

o Resource allocation (vecina et al, HAIS 2022]
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l Group Learning

Prior Methods

* Integer linear programming (ILP)
* (Genetic Algorithm

o Resource allocation (vecina et al, HAIS 2022]
O Matchiﬂg of students to SUperViSOrS [Sanchez et al, Appl. Soft Comput. 2019]
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l Group Learning

Prior Methods

* Integer linear programming (ILP)
* (Genetic Algorithm

o Resource allocation (vecina et al, HAIS 2022]

O Matchiﬂg of students to SUperViSOrS [Sanchez et al, Appl. Soft Comput. 2019]
o Task assignment to agents based on their capabilities crawford et al. AAMAS 2016]
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l Group Learning

Prior Methods

* Integer linear programming (ILP)
* (Genetic Algorithm

Resource allocation (vecina et al, HAIS 2022]

Matching of students to SUPErviSOrs [sanchez et al, Appl. Soft Comput. 2019]

Task assignment to agents based on their capabilities crawiord et al. AaMAS 2016]
Project allocation to individuals according to their skills (camelo et al, Comput. Oper. Res. 2021]

O O O O
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l Applications

* Reviewer Assignment
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l Reviewer Assignment

Background
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l Reviewer Assignment

Background

* Peer review is a critical part of the academic publishing process and is closely tied to
the quality and integrity of academic journals.

[Mandviwalla et. Al., Decision Support Systems, 2008]

[Zhang et. Al., Information Processing and Management, 2023] 164



Applications

l Reviewer Assignment

Background

* Peer review is a critical part of the academic publishing process and is closely tied to
the quality and integrity of academic journals.

* Assigning reviewers to a manuscript is crucial for determining the quality and suitability
of submitted manuscript.

[Mandviwalla et. Al., Decision Support Systems, 2008]
[Zhang et. Al., Information Processing and Management, 2023] 165



l Reviewer Assignment

Approaches

166



l Reviewer Assignment Approaches

Reviewer-paper matching degree
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l Reviewer Assignment Approaches

Reviewer-paper matching degree

* Manual methods such as asking reviewers to bid on papers. [Shah et. Al Journal of Machine
Learning Research, 2018]
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l Reviewer Assignment Approaches

Reviewer-paper matching based

* Jext information-based method to compared the similarity between potential reviewers
and manuscripts. [yang et. Al., Applied Soft Computing, 2020]
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l Reviewer Assignment Approaches

Retrieval-based reviewer assignment
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Applications

l Reviewer Assignment Approaches

Retrieval-based reviewer assignment

* Developed a recommendation framework that employs information retrieval techniques to
collate publications, keywords, and abstracts by integrating cosine similarity assessments
between keywords and full-text indices to generate final recommendations. [Arabzadeh et. Al,
CIKM, 2024]
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l Applications

o Palliative Care
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l Palliative Care

Background

* Palliative care is caring holistically for patients and families to improve their quality of
life.

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]

[Selvarajah et. Al., Innovations in Intelligent Systems and Applications (INISTA), 2018] 173



l Palliative Care

Background

* Palliative care is caring holistically for patients and families to improve their quality of
life.

* [t provides an active and comprehensive integrated health approach, which is a
multidisciplinary — approach that integrates doctors, nurses, physiotherapists,
psychologists, nutritionists and other professions as needed.

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]

[Selvarajah et. Al., Innovations in Intelligent Systems and Applications (INISTA), 2018] 174



l Palliative Care

Background

* The care system takes a team-based approach to address the needs of patients and
their families.

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]

[Selvarajah et. Al., Innovations in Intelligent Systems and Applications (INISTA), 2018] 175



l Palliative Care

Background

* The care system takes a team-based approach to address the needs of patients and
their families.

Challenges:
o Each care provider has limited capabilities and can provide special type of services.

o Several barriers such as geographical distance, communication costs, time availability,
etc.

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]

[Selvarajah et. Al., Innovations in Intelligent Systems and Applications (INISTA), 2018] 176



' Palliative Care as a Team Recommendation Problem

 (Care providers as experts.

* Services they can provide as skills,

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]

[Selvarajah et. Al,, Innovations in Intelligent Systems and Applications (INISTA), 2018] 177



' Palliative Care as a Team Recommendation Problem

* Care providers as experts.
* Services they can provide as skills,

* Based on the structure of the network, and relationship among the care providers in
the network, the best team of support/care can be identified. (efficient team)

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]

[Selvarajah et. Al,, Innovations in Intelligent Systems and Applications (INISTA), 2018] 178



' Palliative Care as a Team Recommendation Problem

Mapping the Care Network:

* The care network is mapped to a weighted graph, considering factors such as
distance, communication, and contact costs.

[Manalu et. Al., International Journal of Medical and Health Sciences, 2022]

[Selvarajah et. Al,, Innovations in Intelligent Systems and Applications (INISTA), 2018] 179



l Palliative Care Approaches

Evolutionary Modelling

e Cultural Algorithm [Selvarajah et. Al,, Innovations in Intelligent Systems and Applications (INISTA), 2018]
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   W ↓  ( e ) = W  (  u , v ) = 1 − |    P u ∩  P v   P u ∪  P v | ∈  R  [ 0 , 1 ]


   W ↓  ( e ) = |  1   P u ∩  P v | ∈  R   (  0 , 1 ] ∪ { ∞ }
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      m i n   V P ∈ 𝒫 ( G ) ⁡   𝜑  D T ( G  [   V P ] ) =  ∑  v ,  v ′ ∈  V P  d  (  v ,  v ′ ) + 𝛼 ( t −  t ′ )
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  R  ( k ) =   | e ∩  e ^ |  | e |
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  S  ( k ) =  |  e ∩  e ^ |  


  RR  ( k ) =  {       1  rank                         rank ≤ k      0                                   otherwise


  AP  ( k ) =    ∑  i = 1 k  P  ( i )   ×    δ e ( i )  | e |


   δ e ( i )
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  nDCG  ( k ) =    ∑  i = 1 k     δ e ( i )  log ⁡ ( i + 1 )   ∑  i = 1   | e |           1  log ⁡ ( i + 1 )
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