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Abstract

Team recommendation aims to select an optimal subset of experts
that can form an almost surely successful collaborative team for
a given set of required skills. State-of-the-art methods are neural
multi-label classifiers that transfer dense vector representations of
skills into a sparse occurrence vector representing the optimal sub-
set of experts. Such methods, however, overlook experts’ relational
and structural information encoded in the expert collaboration
graph and, thus, fall short of capturing complex inter-dependencies
among experts and their associated skills within teams. Moreover,
the skills’ dense vectors are pretrained disjointly and independently
of the underlying neural classifier, hence, preventing end-to-end
optimization. In this paper, we propose to reformulate the team
recommendation problem into end-to-end link predictions between
expert nodes and the required skill nodes in the expert collaboration
graph to consume multi-hop intra-team and cross-team collabora-
tions among experts while eschewing the unnecessary complexities
of the disjoint two-phase training procedure. Our experiments on
two large-scale datasets from various domains with distinct dis-
tributions of skills in teams demonstrate the superiority of our
proposed approach and establish a new state of the art.!
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1 Introduction

Collaborative teamwork has become paramount in diverse real-
world settings, including health care [32, 40], scientific peer re-
view [1, 2, 29], and education [5, 33], where combined skills ap-
plied in coordinated ways can solve difficult tasks. As a result,
forming teams of experts whose success is almost surely guaran-
teed has been a surge of research for years to replace the tedious,
error-prone, and suboptimal manual search process; from opera-
tions research [4, 12, 13, 23, 42, 45, 49, 51], social network analy-
sis [17, 24, 41], and more recently, machine learning (7, 15, 35, 37].
Specifically, neural models [7, 8, 34, 35, 38, 39] have brought state-
of-the-art efficacy while enhancing efficiency due to the iterative
learning procedure and availability of training datasets. Neural
models, by and large, frame the team recommendation problem
as a multi-label Boolean classification task and learn the vector
representations of experts and their skills in a training dataset of
successful and (virtually) unsuccessful teams to draw future teams
that are, more likely than not, successful. Such work, however, was
premised on the mutually independent selection of teams from a
training set, overlooking the fact that a team is indeed inherently
relational, and its success depends on the intra- and cross-team
collaborations among experts.

The codebase is publicly available; however, we omit the link for double-blind review.
The implementation is part of a unified framework that cannot be fully anonymized.
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Figure 1: Multi-hop relations and structure in the expert
collaboration graph (left). Our end-to-end approach (right).
In this paper, we propose to model collaborative ties of experts
within and across teams in a graph and leverage graph neural net-
works to capture multi-hop relational and structural information
encoded in the graph for complex inter-dependencies among ex-
perts and their associated skills within teams, as shown in Figure 1.
We then propose to reformulate the team recommendation prob-
lem into end-to-end link predictions between nodes of required
skills and optimal experts for a team node directly within the graph.
Given a successful team, we map it into a connected star subgraph
that connects the team’s node to its required subset of skills and
expert members. After incorporating all successful teams of a train-
ing set in the graph, we then apply a graph neural network to learn
dense vectors of skills and experts jointly based on link predic-
tion loss among positive (existing) and negative (non-existing) link
sampling strategies. During inference, given a test team with its
subset of required skills yet unseen expert members, as shown in
Figure 1 (right), we use the graph neural network to predict links
between expert nodes and the team’s node and select the top-k
highest probable experts as the recommended team of size k.

While employing graphs to model experts’ collaborations was
mainstream in traditional team recommendation approaches rooted
in subgraph optimization [17, 24, 41], existing neural-based meth-
ods have leveraged graphs only for prior pretraining and the trans-
fer of dense vectors of skills to accommodate a large set of skills
and reduce the complexity of the neural architectures in the input
layer [26, 34, 35]. For instance, Rad et al. [35] used metapath2vec [10]
on a skill-team-expert tripartite graph to pretrain and transfer
skill embeddings as the input for a variational Bayesian neural
classifier [35]. Alternatively, Kaw et al. [26] employed deep graph
infomax [44], an unsupervised graph convolutional network that
maximizes mutual information between local node-level represen-
tations and global summary representation of the entire graph, for
more effective embeddings of skills. Such approaches, however,
entail key shortcomings: (1) foremost, they overlook the multi-
hop relational and structural information among experts and their
collaborations within and across teams in the graph; (2) the skill
vectors are learned disjointly in a self-supervised manner during a
pretraining phase, oblivious to the team recommendation learning
process; (3) they suffer from independent selection of teams from
the training set by the underlying neural classifiers.

Inspired by the efficacy of end-to-end graph neural networks in
various recommendation and information retrieval tasks [6, 14, 16,
20, 21, 27, 31, 46, 47, 52], yet unexplored in team recommendation,
our approach fills the gaps by capturing multi-hop relational and
structural information not only for skills but also for experts and




teams directly in the expert collaboration graph, thereby recom-
mending more effective teams as evidenced by our experiments,
including 3 different graph structures, 6 strong graph neural net-
works, and 2 large-scale datasets from diverse domains with varied
distributions of teams over skills.

2 Problem Definition

Given a set of skills S = {s;} and a set of experts & = {ej},a team ¢
is a subset of experts e C & that collectively cover a subset of skills
s C S with its success status y € {0, 1}, denoted by tse,y. Further,
T =97TuUT " = {ts,e,y=1} U {ts,e,y=0} is the set of successful
and unsuccessful teams. For a subset of skills s, a neural team
recommender aims to identify an optimal subset of experts e such
that their collaboration results in a successful team, i.e., ts,e,y=1
while avoiding any subset e’ that leads to an unsuccessful team, i.e.,
ts,e’,y=0- Specifically, the objective is to learn a mapping function f,
parameterized by 0, such that V¢ € 7+: f3(s) = e.

3 Preliminaries

The state of the art [7, 26, 34, 35, 37] estimate fy(s) = e using a
neural multi-label Boolean classifier that transfers the dense vector
representation of a subset of skills, vg € Rd, to the occurrence (multi-
hot) vector representation of the optimal (successful) subset of
experts, ve € {0, 1}18l ie, fo(vs) = ve, by maximizing the posterior
probability of 0 in fp over 7* in a variational Bayesian neural
architecture via minimizing Kullback-Leibler divergence [30].

To transfer dense vector representation of a subset of skills v,

they construct a heterogeneous tripartite graph G = (N, L) whose
nodes are skills n g, successful teams ng+ and experts ng, i.e., N =
ns Unqg+ Ung, and links are undirected £ = {ng X ng+} U {ng+ x
ng}. From Figure 1 (right), each team fse,y=1 € 7" is represented
by a star subgraph with a team node as the central node and its
required skills s and expert members e are the leaves, connected to
the team node but not to each other. Then, a graph neural network
g, parameterized by ¢, is trained such that g4 : N' — RY, g¢(ns;) =
v, Finally, the dense vector of the required subset of skills s for a
team t5¢ y is obtained by summing the vectors of its constituent
skill nodes, i.e., vs = Y5, e5 vs; = X, es 9 (ns;)-
Limitations: g, is estimated to capture structural and semantic
information of skills only, completely disregarding the expert and
their multi-hop collaborations within the context of historically
successful teams. Moreover, it is prior to and disjoint from the
main team recommendation task and is kept constant and oblivious
to the multi-label classification loss when estimating fy. Finally,
the estimation of fy, the primary predictor, relies on the mutually
independent selection of teams from the training set.

4 Proposed Approach

We propose to estimate f directly through the link prediction loss
among team-expert links by g4 on the expert collaboration graph,
eliminating 0 and the multi-label classifier. Following the standard
message passing formulation and without loss of generality to mod-
ern graph neural networks, g4 (n) denotes the vector representation
of anode n € N at layer (hop) [, and computed as:

I- I- I-
g¢(n)=h£1=¢update hl(l 1)’ Z ¢message(h}(1 1)’h§ 1)) )
IENL,CN

where h!=0 denotes the randomly initialized vectors for the node
n, Ny is the set of neighboring nodes of n, gmessage are learn-
able parameters for a message function to process the neighbors’
vectors prior to aggregation, and ranges from a simple identity
function to a more expressive multilayer perceptron with atten-
tion coefficients over neighboring nodes, as in gat [43]. Similarly,
Pupdate denotes the learnable parameters of an update function

that computes the node vector h£l by combining its previous vec-

tor h;ll_l) with the aggregated vectors from its neighborhood,
and can be as simple as summation, or another multilayer per-
ceptron, as in gin [50]. The complete set of parameters is given by
$ = Pupdate Y Pmessage, which are learned by minimizing a link
prediction loss over observed team—expert links of all successful
teams, i.e., Vise y=1 € T+,Vej €e:

> -10g o(gs(ne) Tgg(ne,)) = Y ~log of[h, 17 [, 1) @)

(rgne, )€ £ (nigne;)e L

where o is the sigmoid function, predicting the presence of links
between a successful team and its expert members. While Eq. 1
leverages all types of links for message passing irrespective of their
semantic roles, capturing heterogeneous relational and structural
information, Eq. 2 explicitly uses this information to supervise the
primary task of team-expert link prediction for recommending
successful teams. During inference, as shown in Figure 1 (right),
for a team t; « y=1 With a subset of required skills s yet unknown
expert members, we use the learned g, to predict links between
the team node n; and all candidate expert nodes ng. Specifically,
for each expert e € &, we compute:

fols) = £(s 3 Ggg) = & (99(ne,) g9 (ne)) = o b, 17 [8,.]) )

and select the subset of experts with the top-k predicted probabili-
ties as the recommended team of size k.

Our proposed end-to-end formulation directly taps into multi-
hop relational and structural information encoded in the graph for
complex intra-team and cross-team interactions and dependencies
among experts and their associated skills, as shown in Figure 1 (left);
a capacity in which neural classifiers are inherently limited. More-
over, it avoids two disjoint learning stages with separate parameter
sets, i.e., the pretraining of g, and the subsequent fine-tuning for
fo- Herein, ¢ is the sole learnable set of parameters.

T

5 Experiments

In this section, we seek to answer our main research question:
RQ1: Does the end-to-end approach outperform the transfer-based
approach for team recommendation? If affirmative, we further ask:
RQ2: Is RQ1’s answer consistent across datasets from varied domains
with distinct distributions of teams over skills?

RQ3: Is RQ1’s answer consistent across different graph structures?
RQ4: Which graph neural network performs the best (worst) in the
end-to-end vs. transfer-based approaches for team recommendation?

5.1 Datasets

We used two benchmark datasets as in prior works [7, 25, 28, 36, 37]:
dblp, a collection of computer science publications [9], where a
published paper is a successful team, the authors are the expert
members, and the keywords are the required skills, and imdb, a



Table 1: Statistics of the raw and preprocessed datasets.

dblp imdb
teams 7~ publications movies
experts & authors cast & crew
skills S keywords (sub) genres
success y published produced
statistics raw filtered | raw  filtered
VAl 4,877,383 99,375 | 507,034 32,059
& 5,022,955 14,214 | 876,981 2,011
S| 89,504 29,661 28 23
X dblp [ imdb X, dblp ! imdb
n 10° il n wn
+ —~ 10 —
51_1191 Lo b T 100 x x30¢ ¢ mmoecoq
3 ] w “
2 £l #* 100 #*
X 10
10’ 10* 10* 10’ 107 10° 10 1e*
#teams #teams #teams #teams

Figure 2: Distribution of teams over experts and skills.
collection of movies [22], where a produced movie is considered as
a successful team, the cast and crew are the experts, and the movie’s
genres and subgenres are the required skills. In contrast to movie
recommenders or movie review analysis, herein, the objective is to
form a team for a successful movie production.

Teams with fewer than 3 expert members were removed while
ensuring no alteration to the statistical distributions, as detailed
in Table 1. From Figure 2 (left), both datasets exhibit long-tailed
distributions of teams over experts, i.e., few dominant experts have
contributed to many teams, while the majority have participated
scarcely. Regarding skills, from Figure 2 (right), while db1p follows a
similar long-tail distribution of teams over skills, imdb demonstrates
a more uniform distribution across a limited set of skills (genres),
which are consistently used in many movies.

5.2 Baselines

We compared the end-to-end approach (e2e-*) with the following
transfer-based (t-*) baselines:

t-bnn.m2v [35]: It is the pioneer to transfer embeddings of skills
by metapath2vec [10] for a variational Bayesian neural classifier.
t-bnn.lant [26]: It employs deep graph infomax [44] for more
effective embeddings of skills in fewer training epochs.

To ensure a comprehensive comparison between the end-to-
end and transfer-based approaches, we also included strong graph
neural networks for a heterogeneous graph?:
graphsage (gs) [18]: It aggregates neighbours’ vectors by a fixed
function, herein, mean, followed by concatenation with the node’s
current vector.
gin [50]: It learns node vectors via learnable aggregation and com-
bination functions, which, theoretically, show the best node embed-
dings by capturing graph structure based on the Weisfeiler-Lehman
graph isomorphism test [11].
gine [19]: It extends gin to include global graph features based on
a subgraph of neighbors located between k1-hop and ky-hop of a
node where ki < k, and is designed to utilize link features.
gat [43]: It aggregates neighbors with learnable multi-head atten-
tion scores based on the importance of neighbors when aggregating
and combining vectors during message passing.
gatv2 [3]: As opposed to gat, which computes pairwise attention
between a node and its neighbors using shared parameters, it uses
a different set of parameters for a node and each of its neighbors
that are updated through layers (hops).
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Figure 3: Impact of neighborhood sampling.

han [48]: It is a hierarchical gat that captures the importance of
different node types and their predefined meta-paths to neighbours.
All graph neural networks included convolutional layers of size
64 and relu activation, after a search over different sizes of {16, 32,
64, 128, 256} across dblp and imdb datasets. For message passing,
all neighbors were considered with a negative sampling at a ratio of
5:1. We employed 1-hop sampling with 20 nodes, 2-hop sampling
with [20,10], i.e., 20 and 10 nodes in the first and second hops, and
3-hop sampling with [20,10,5] and [30,20,10]. From Figure 3,
we observed generally favorable results with 2-hop sampling and
[20,10], though not uniformly across all models. All graph neural
networks were trained for 5 epochs in batch sizes of 125 with
a learning rate of 0.001 using Adam. For the transfer-based, we
cross-compare variational Bayesian (t-bnn-*) and non-variational
(t-fnn-*) neural classifiers, following their settings in [35, 36].

5.3 Evaluation Strategy and Metrics

We used the entire dataset to create the expert collaboration graph.
For the test set, we selected 15% of the randomly shuffled teams
and removed their team-expert links (ns,ne) € L to mask the
expert members as unseen during training. Given a team fse y=1
from the test set, a trained model infers the membership probability
of all experts by team-expert link predictions. We selected the
top-k € {5, 10} experts as the recommended team and compared
them against the ground-truth expert set e and reported precision
(pr), recall (rec), normalized discounted cumulative gain (ndcg),
and mean average precision (map), averaged over the test set.

6 Results

RQ1: End-to-end vs. transfer-base approach. From Table 2,
we observe that the end-to-end approach (e2e-*) consistently and
substantially outperforms all transfer-based methods using either
t-fnn-* or t-bnn-* classifiers across all employed graph neural
networks, datasets, and metrics. The superiority of the end-to-end
approach lies in leveraging both multi-hop relational and structural
information in the expert collaboration and supervised information
about the optimal subset of experts within successful teams.

RQ2: Cross-domain performance consistency. From Table 2,
we can observe that the performance improvement by graph neu-
ral networks is consistent for both datasets in our end-to-end ap-
proach. However, in the transfer-based approach, the performance
varies in variational and non-variational models with no consistent
trend based on their underlying graph neural network for different
datasets. Yet, attentive models, t-*-han, t-*-gat, or t-*-gatv2,
generally stand out as the top-performers.

RQ3: Cross-graph structural performance consistency. To
study the impact of graph structure, we considered i) skill-team-
expert-location where a team is further connected to its location,
and ii) skill-expert bipartite graph, consisting of links between
skills and expert members of a team but with no node for the team.
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Table 2: Efficacy of end-to-end vs. transfer-based approaches in dblp and imdb using
dblp

skill-team-expert graph structure.

imdb
%pr %rec %ndcg %map %pr %rec %ndcg %map
k @5 @10 @5 Q1o @5 @10 @5 @10 @5 @10 @5 @10 @5 Q1o @5 @10
gs 14.37 09.24 54.00 67.79 33.21 3839 25.18 28.10 | 15.39 09.16 49.73 57.44 33.70 36.78 27.00 29.03
gin 14.47 09.07 54.68 66.95 31.50 36.12 22.74 25.36 | 14.08 08.91 4534 56.49 28.49 32.79 21.76 24.30
8 gine 07.66 07.65 21.56 44.17 16.50 24.74 12.67 16.18 | 19.33 12.21 53.14 66.25 38.80 43.86 31.13 34.07
| gat 1433 09.46 53.81 68.86 38.11 43.78 31.44 34.65 | 14.66 09.17 47.44 57.47 33.45 37.40 27.17 29.68
gatv2 14.03 09.48 5273 69.01 37.87 43.98 31.43 34.86 | 14.49 09.09 46.72 57.18 33.81 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 15.42 57.82 74.15 45.58 52.38 37.42 42.21
m2v 00.82 00.70 01.24 02.13 01.13 01.55 00.66 00.82 | 00.84 00.77 00.95 01.76 00.95 01.33 00.46 00.57
lant 00.90 00.83 01.35 02.48 01.17 01.69 00.67 00.84 | 00.74 00.68 00.81 01.52 00.85 01.18 00.40 00.50
gs 00.87 00.74 01.30 02.24 01.26 01.63 00.60 00.76 | 00.83 00.73 00.91 01.64 00.95 01.27 00.44 00.55
E gin 00.95 00.78 01.43 02.35 01.37 01.57 00.59 00.76 | 00.76 00.68 00.84 01.56 00.87 01.19 00.40 00.51
L gine 01.02 00.83 01.52 0249 01.35 01.80 00.76 00.92 | 00.73 00.64 00.82 01.45 00.85 01.14 00.41 00.50
gat 01.19 00.92 01.78 02.75 01.62 02.08 00.92 01.09 | 00.92 00.82 01.00 01.83 01.06 01.43 00.50 00.62
gatv2 01.01 00.83 01.51 02.51 01.41 01.88 00.80 00.96 | 00.87 00.80 00.96 01.80 00.98 01.37 00.47 00.59
han 00.93 00.82 01.42 02.49 01.33 01.82 00.80 00.97 | 00.77 00.72 00.86 01.63 00.85 01.21 00.39 00.50
m2v 00.31 00.32 00.48 00.98 00.42 00.65 00.23 00.30 | 00.76 00.71 00.83 01.58 00.85 01.20 00.41 00.52
lant 00.66 00.61 01.01 01.87 00.88 01.28 00.49 00.61 01.01 00.96 01.14 02.18 01.18 01.66 00.58 00.73
gs 00.71 00.66 01.08 02.00 00.94 01.36 00.52 00.65 | 00.99 00.90 01.12 02.03 01.12 01.55 00.54 00.67
_§ gin 00.60 00.52 0091 01.59 00.84 01.15 00.49 00.60 | 00.90 00.83 01.04 01.92 01.07 01.47 00.52 00.65
5 gine 00.75 00.63 01.12 01.90 01.08 01.44 00.66 00.79 | 01.01 00.93 01.15 02.14 01.16 01.62 00.58 00.71
gat 00.66 00.62 00.99 01.86 00.87 01.28 00.49 00.62 | 00.96 00.86 01.07 01.94 01.10 01.50 00.53 00.66
gatv2 00.64 00.54 00.96 01.64 00.87 01.19 00.49 00.58 | 00.93 00.80 01.05 01.84 01.05 01.41 00.51 00.62
han 00.80 00.71 01.20 02.15 01.09 01.53 00.61 00.76 | 01.06 00.99 01.19 02.25 01.21 01.70 00.59 00.74
Table 3: Efficacy of approaches using location in dblp. Table 4: Inefficacy of skill-expert graph structure.
hpr krec %ndcg %map dblp imdb
k @5 Q1o @5 @1o @5 @10 @5 Q1o k=10 %pr %rec %ndcg %map %pr %rec %ndcg %map
gs 714,63 09.15 52.91 64.97 35.37 39.90 28.27 30.88 ° gs 00.04 00.15 00.08 00.04 00.13  00.42 00.28 00.14
gin  11.80 08.78 4244 6246 2628 33.65 19.51 23.54 o|gat 0003 00.13 0007 0003 | 00.21 00.64 0039 00.16
ﬁ gat 13.69 09.39 50.24 66.50 3557 41.74 29.10 32.62 han 00.05 00.18 00.10 00.04 | 00.15 00.49 00.32 00.15
gatv2 15.46 09.22 56.15 6538 42.58 46.13 36.62 38.75 m2v 00.80 02.44 01.83 00.99 | 00.73 01.64 01.26 00.54
han 0677 07.93 13.90 29.40 13.85 20.50 10.15 13.39 E|es 0083 0251 0146 0071 | 0075 0170 0131 00.56
gs 00.54 0054 00.82 01.65 0071 01.10 00.38 00.50 ) gat 0085 0257 0192 0098 | 00.65 01.46 01.15 00.50
c|gin 0094 00.80 0143 0244 01.28 0L75 00.73 00.88 han 00.84J02:54 301 198 00.95 | 00.73 OI6TRNR01725 J00.53
“.E gat  00.77 00.70 01.18 02.12 01.04 01.47 00.57 00.71 m2v 0039 01.20 00.83 00.40 | 00.89 02.04 0156 00.69
+[gatv2 00.96 00.79 01.45 0240 01.25 01.69 00.69 00.83 E gs 0058 01.75 0122 00.59 | 00.96 02.18 01.61 00.68
han  00.92 00.79 01.38 02.36 01.26 01.72 00.72 00.87 L|egat 0053 0160 01.06 0049 | 01.01 0231 0174 00.76
s 00.65 0073 DoD28002200 0020 0755) 0064 0078 han 00.51 0154 01.05 0051 | 0094 0215 0164 0072
Z|gin 0046 0042 0070 0127 00.62 00.89 0034 00.42 han outperforms all methods across datasets and metrics, with
Slgat 0059 0053 0090 01.61 00.81 0114 0046 00.57 gat and gatv2 being the closest runners-up in dblp. The con-
*|gatv2 00.52 00.52 00.77 01.56 00.67 01.04 00.37 00.48 sistent high performance of han, gat, and gatv2 highlights the
han 00.62 00.58 00.94 01.76 00.81 01.19 00.44 00.56

Following the literature [35], we set the location of a team in dblp as
the publication venue. In imdb, however, the available location infor-
mation is the producing country of a movie, which is US in almost
all movies, and was therefore omitted from our experiments. From
Tables 2 and 3, we observe that the performance of e2e-* models
on the expert collaboration graph with location and lack thereof is
closely aligned, with marginal differences, except for han, which is
no longer the best due to its meta-path-based attention mechanism
that overlooked the location links. In contrast, for transfer-based
models, we observe little to no improvement, which is expected as
the vector representations of skills are insufficient to convey such
additional information to neural classifiers. In the skill-expert bi-
partite graph, from Table 4 including top-performing baselines, we
observe that neither end-to-end nor transfer-based models perform
on par with their performance in other graph structures due to the
highly dense bipartite graph structure, wherein all skills and experts
are connected to each other without the contextual separation by
team nodes, which highlights the importance of graph structure in
effective message passing in graph neural networks.

RQ4: Performance leaderboard for graph neural networks.
From Table 2 and for the end-to-end approach, it is evident that

dominance of attention-based graph neural networks. In contrast,
despite the gin model’s theoretically proven efficacy in capturing
graph structure [50], its empirical performance typically lags be-
hind the attentive models for its sensitivity to hyperparameters.
With respect to the transfer-based approach, not unexpectedly, we
observe a consistent efficacy of graph neural networks compared
to naive embeddings of skills (mhot). Attentive models (gat, gatv2)
generally perform the best, similarly when employed in the end-to-
end approach. However, the performance ranking of graph neural
networks is inconsistent across neural classifiers; it is more sta-
ble for non-variational models (t-fnn-*) than for variational ones
(t-bnn-+*) due to the greater sensitivity of variational architectures.

7 Concluding Remarks and Future Work

In this paper, we proposed an end-to-end graph neural network to
improve the efficacy of team recommendations. Our experiments
on two large-scale datasets with distinct distributions of teams
over skills show state-of-the-art performance, regardless of the
underlying graph neural network. For future work, we study cold-
start scenarios for new experts and emerging skills with limited
historical data, as well as team refinement, where experts in an
existing team are replaced to maintain or enhance performance.
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