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Abstract—It is always challenging task for students to select right universities. For students, graduate job placement is the most
important component of university quality. However, existing university evaluation methods predominantly depend on either
subjective criteria, such as the perceived quality of the learning environment and academic prestige, or on factors like faculty
excellence, which may not provide a precise indication of graduate job placement. Indeed, there is still a lack of a data-driven
approach to accurately measure university quality based on the employment situation of graduates. Moreover, the inherently
unsupervised nature of university evaluation, compounded by the absence of a reasonable ground truth, necessitates the
development of a reliable supervised methodology to precisely quantify university quality. Our basic assumption is that highly
influential companies would attract graduates from high-ranking universities. To this end, in this paper, we formulate university
evaluation problem into the graduate flow prediction problem, and propose an Influence based Graph Autoencoder (IGAE) method
to learn the representation of universities based on the employment of their graduates. Specifically, we first build a talent transition
graph based on the massive resume information. This graph reveals the flow of talent between institutions. Then, considering the
asymmetric and heterogeneous properties of talent flow, an unidirectional aggregation process with a heterogeneous attention
mechanism is designed to encode the nodes in the directed graph and preserve the influence terms at the same time. Afterwards,
a novel dual self-attention module is exploited to capture the dynamic pattern of institutions to forecast future employment.
Furthermore, we design an influence based decoder to predict the existence of talent flows and estimate the frequency of
employment, which can be learnt in a joint learning framework. Finally, we conduct extensive experiments on a real-world dataset
for performance evaluation. The experimental results clearly validate the effectiveness of our approach compared to the
state-of-the-art baselines, and we provide a case study on university influence analysis.
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1 INTRODUCTION

NOwadays, millions of high school seniors face
big decisions about enrolling in universities every

year [1]. Indeed, it is always a challenging task for
students to select the right universities. For students,
graduate job placement is the most important component
of university quality. For example, a recent survey on
freshmen in universities [2] reported that more than 83%
of freshmen believe that they can get a better job after
graduation, which is the most common reason for them
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to decide to attend college, but rarely attracts enough
attention. Existing university evaluation methods either
heavily rely on arbitrarily assessed subjective factors, such
as learning environment [3] [4], academic reputation [5],
and faculty quality [6], or depend on the arbitrarily as-
signed combination of them [7], which may not accurately
reflect graduate job placement. Indeed, there remains an
absence of a data-driven approach to precisely gauge
university quality based on the employment trajectories
of its graduates.

In the literature, the swift expansion of online pro-
fessional profile repositories has led to the production
of a vast number of digital resumes. This proliferation
of data offers an unprecedented resource for scholars,
allowing a deeper dive into the educational backgrounds
and career trajectories of professionals across institutions.
Simultaneously, it paves the way for a data-driven ap-
proach to assess universities based on the career progres-
sion of their alumni. Although significant efforts have
been made in talent trajectory research, including career
path prediction [8], [9] and talent flow analysis [10],
[11], leveraging sophisticated machine learning meth-
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Fig. 1: An illustration of the talent flow graph construction
from online professional social network profiles.

ods such as graph mining that adeptly discern patterns
in career trajectories, the task of university assessment
presents some challenges. First, it is challenging to inte-
grate graduates’ employment outcomes with their educa-
tional backgrounds. Meanwhile, the absence of depend-
able ground-truth data makes a quantitative appraisal of
universities formidable. Moreover, prevalent graph learn-
ing techniques often struggle when faced with the task of
modeling unidirectional propagation in expansive talent
flow datasets. Additionally, the role and prominence of
educational and corporate institutions in shaping career
paths are dynamic, necessitating a temporal dependencies
modeling to furnish forward-thinking insights. In light
of these challenges, it is necessary to develop innovative
methodologies that adeptly leverage graduate employ-
ment to evaluate universities.

Aligning with these challenges, this paper intro-
duces the Influence based Graph Autoencoder (IGAE)
method to evaluate universities via learning representa-
tions grounded on the employment trajectories of their
alumni. Based on the fundamental hypothesis that highly
influential corporations naturally gravitate towards grad-
uates from prestigious universities, our problem can
be addressed through a supervised learning paradigm.
Specifically, to model the employment circumstances of
graduates, illustrated in Figure 1, we initially construct
a dynamic heterogeneous university-company transition
graph that charts multiple extracted talent career paths
based on massive resume information, which reveals tal-
ent flows between institutions. Then, for dealing with the
integration of career employment with educational back-
ground, we propose an influence-based graph encoder.
Here, a novel attention mechanism is proposed to learn
node embedding by cohesively aggregating insights from
heterogeneous neighbor nodes, ensuring the integration
of employment and educational facets. Afterwards, for
prospective insights, a dual self-attention based temporal
dependencies modeling module is exploited for captur-
ing the dynamic pattern of nodes to forecast the future
employment. Importantly, our proposed encoder sustains
two influence terms inspired by the Hyperlink-Induced
Topic Search (HITS) algorithm, revealing the asymmetric
of talent flows. Next, we design an influence based graph
decoder to predict predict emergent talent flows and
gauge imminent employment trends with a link predic-

tion task in our proposed dynamic graph. In particular,
our proposed influence terms can address the asymmetric
property of directed transition graphs and offer a robust
insight to analyze the overarching impact of universities.
The main contributions of this paper can be summarized
as follows.

• We study the problem of university evaluation
by exploring their influence based on the career
employment of graduates, which fills the void in
existing research which predominantly relies on
subjective factors, and provides a data-driven al-
ternative to the extant literature.

• We propose a delicately-designed Influence based
Graph Autoencoder (IGAE), which incorporates
a heterogeneous information aggregation module
and a dual self-attention module to capture the
dynamic influence of nodes revealed in the het-
erogeneous talent transition graph by introducing
HITS-inspired influence terms and simultaneously
address the challenge presented by the asymmet-
ric property of influence propagation during the
graph reconstruction process.

• We conducted extensive experiments on a real-
world dataset for performance evaluation. The ex-
perimental results clearly validate the effectiveness
of our approach compared to the state-of-the-art
baselines. Furthermore, a detailed case study on
university influence analysis further elucidates the
practical application and potential of our method.

2 RELATED WORK

In this section, we will introduce the related work of our
paper, which can be divided into two categories, namely
network embedding and university evaluation.

2.1 Network Embedding
Network embedding, also known as network representa-
tion learning, is a rapidly evolving field that aims to map
nodes in a network to low-dimensional, continuous, and
dense representations, which can be utilized for a variety
of applications including link prediction, node classifi-
cation, and community detection. These applications are
common tasks in talent analysis [12], [13], [14].

One of the first network embedding methods is
DeepWalk [15], which learns node representations us-
ing short random walks and the skip-gram approach.
Node2vec [16] expanded on this by offering flexible ran-
dom walk sampling. Then, models like LINE [17] focused
on preserving the direct and indirect relationships be-
tween nodes. Similarly, SDNE [18] used a deep autoen-
coder to maintain these relationships, and GraRep [19]
learns node representations with preserving the k-step
proximity between nodes.

Recently, with the development of deep learning tech-
niques, there are also some methods that utilize graph
neural networks (GNNs) architectures to learn network
representation, such as GCN [20], GraphSAGE [21] and
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GAT [22]. Generally speaking, the GNN framework is a
message passing and aggregation process between nodes,
and the pattern of the graph is captured with the guid-
ance of the given label. Additionally, graph auto-encoders
(GAEs) [23] are proposed to reconstruct graphs with the
encoding information of its nodes, which were learned
by GNN, to enhance the robustness of the node em-
bedding. Since the above methods are not proposed to
work with undirected graphs, some research has focused
on directed graph neural networks (DiGNNs). For ex-
ample, Gravity [24] extended GAE by proposing a novel
gravity-inspired decoder to construct the directed graph.
DiGCN [25] proposed a PageRank based digraph convo-
lution mechanism with preserving kth-order proximity to
achieve larger receptive fields and learn higher perfor-
mance node representation in digraphs.

However, in real-world scenarios, complex networks
are generally dynamic and heterogeneous, while above-
mentioned methods are all proposed for homogeneous
graphs. Thus, there has been a rising trend in the in-
vestigation of heterogeneous and dynamic network em-
bedding methods. For example, HetGNN [9] aggregates
content embeddings from different neighboring groups,
which have different relation types, using bi-LSTM blocks
and further combines different types of nodes while con-
sidering the contribution of different groups. HAN [26] fo-
cuses on neighbors in meta-paths in heterogeneous graph,
which respectively designed a node-level GAT and a
semantic-level GAT to capture the proximity of node with
different types in the information aggregation process. In
addition, methods such as HGAT [27] and HGSL [28]
address various types of interaction by introducing addi-
tional graph structures. Furthermore, several neural net-
work based approaches have been developed specifically
for dynamic networks [29], [30]. Most of these methods fo-
cus on modeling snapshots derived from dynamic graphs.
Besides, there are also some Spatial-temporal graph neural
networks excel in capturing spatial and temporal depen-
dencies in stable graph [31], which are especially adept
at modeling systems like traffic networks [32], [33] and
human activity [34]. Given the inherent characteristics
of talent flows, this paper introduces an influence based
heterogeneous dynamic graph autoencoder framework,
which is designed to model the talent transition between
universities and companies while highlighting the influ-
ence of institutions.

2.2 University Evaluation
University evaluation is a crucial task in education re-
search, with a goal of accurately assessing the perfor-
mance and quality of universities, to provide valuable
information and recommendations [35], [36].

The commonly used university evaluation approaches
are based on a comprehensive assessment of different
factors [7], such as academic results, teaching quality,
learning facilities and volumes. Most of them rely on the
proposal of a weighted combination of these factors [3] [4],
where the scores and weights of factors are usually arbi-

trarily assigned by education experts based on some data,
such as some university ranking list (e.g., US News [37]
and QS [38]). Moreover, [39] proposed a method to rank
universities based on alignment of public ranking lists.
Also, there are some other methods that focus only on one
single factor, such as academic results [5] and reputation
among peers [6], and deep analyzing it with surveys and
statistical approaches.

However, the above-mentioned approaches suffer
from limitations that highly rely on subjective assessments
and opinions, resulting in a lack of statistical robustness.
Therefore, many other research tried to utilize some sta-
tistical methods and machine learning models to evaluate
universities by predicting their student outcomes such as
graduation and dropout. For example, [40] used logistic
regression to predict student dropout in a large urban
school district. Similarly, [41] used decision trees to predict
student persistence in a state university. Besides, [42]
described how data mining techniques such as decision
trees, neural networks, and Bayesian networks have been
used to predict student outcomes. [43] proposed a context-
aware matrix factorization approach to predict student
academic performance based on exploring the history of
book loan. [44] proposed a deep learning algorithm based
on temporal modeling to predict the drop out probability
of the at-risk student.

Nevertheless, we found that there still lack of works
related to assess universities based on their graduates
employment orientation, which is a common selection
criteria in the student enrollment process. Inspired by [45],
which incorporate several statistical methods to evaluate
universities by exploring their graduates’ careers on the
talent graph, in this paper, we propose a novel approach
to evaluate universities based on the career outcomes of
their graduates, which is designed to capture the relation-
ships between universities and companies via talent flow
while modeling the influence of universities with a graph
structure.

3 PRELIMINARY
In this section, we will introduce the details and some
prestudies of the real-world datasets we use, and then
formally give the definition of our research problem.

3.1 Data Description
The data used in this paper were collected from a well-
known professional website, i.e., LinkedIn 1, where mil-
lions of users around the world build resumes to share
information about their career. To be specific, the resume
of each user consists of education and working experience
where each education record shows university, major,
degree and studying duration, while working records in-
dicate company name, job position and working duration.
Meanwhile, we also collect some attributes of companies
and universities, such as their size, type, location, and text
description. We would further introduce some details of
our dataset in the section of the experiment.

1. https://www.linkedin.com/
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3.2 Data Exploration
Next we conduct several data explorations to preliminar-
ily validate our assumptions.

Fig. 2: The relationship between proportion of graduates
entering top companies and university ranking.

The first data exploration is designed to analyze the
relationship between education quality and job opportu-
nities. We list the top 40 IT companies in the U.S. based
on a public list released by Forbes2 and randomly selected
20 universities whose ranks vary a lot in public university
rank [38], and draw a diagram to depict the proportion of
graduates who enter these top companies from IT major
of these ten universities as Figure 2. Through this task,
we can clearly propose our statement that high-quality
education would provide better opportunities for their
graduates to get good jobs.

In our secondary data exploration, we operate under
the assumption that companies with greater influence
tend to attract more talent. Initially, we extracted a tal-
ent transition graph encompassing the top 40 companies
identified earlier, within a given period. Then we compute
the normalized PageRank value [46] as an indicator of its
influence. Subsequently, the Pearson’s correlation coeffi-
cient [47] (PCC) is used to gauge the relationship between
PageRank and company rankings, shown in Figure 3a.
The PCC score is 0.7881 with a p-value of 0.03, which
validates our assumption that talent flows between com-
panies could reveal the influence of companies.

(a) Company (b) University

Fig. 3: The Relation between relative ranking and normal-
ized PageRank value in talent transition graph.

Similarly, in the third task, we analyze the relationship
between the PageRank value and the university rank

2. https://www.forbes.com/top-digital-companies/

within the university transition graph, which is made
up of 50 randomly selected universities in the USA as
Figure 3b. A PCC score of 0.8615 with 0.01 p-value demon-
strates a robust correlation, which is consistent with our
common understanding that students are more willing to
pursue high degree in better university.

3.3 Problem Definition
In this section, we initially propose the concept of the
university-company transition graph. Then we provide a
clear definition of our university evaluation problem.

As previously mentioned, our framework aims to un-
derstand the employment landscape of universities by in-
vestigating the talent flow patterns of their alumni. Essen-
tial to achieving this goal is the concurrent assessment of
the influence of the companies that hire these graduates.
Our basic assumption is that high-influence institutions
inherently serve as magnets for top-tier talent. Following
the result of the data exploration, we build some graph
structures to deal with this influence modeling problem.
It is imperative to inform that the influence of a university
or a company is usually fast evolving in the real world,
which could change a lot over time. For example, a
popular AI related company was probably little known
10 years ago. Thus, modelling the influence is the issue
with temporal dependency, which should be considered
as a dynamic graph modeling problem. Here, we design
a dynamic heterogeneous university company transition
graph and give its definition as follows.
Definition 1 (University-Company Transition Graph).

The University-Company Transition Graph is defined
as G = (V, E, W, X), where V = (VU , VC) is the
set of nodes, VU and VC respectively denote the set
of University and Company, E = (EUU , ECC , EUC)
is the set of edges, EUU , ECC respectively denote
the talent transition between different universities and
companies while EUC denote the talent flow gradu-
ated from university to company, W is the frequency
of transition records E, and X is the feature matrix.
To capture the evolving influence of each company,
we construct a dynamic company transition graph,
represented by snapshots on T timestamps, denoted
as G = {G1, · · · , GT }.

As emphasized in previous sections, our objective is
evaluating university premised upon employment status
of their graduates. However, university evaluation is fun-
damentally an unsupervised learning problem that lacks
a tangible ground truth. Thus this paper endeavors to
address this inherent challenge by reiterating our goal as
exploring the employment status of university graduates,
and concurrently quantifying the influence of universities,
where influence is indicative of the status that a school
or company maintains within the professional sphere.
Therefore, after modeling university-company transition
graph, our model would assign each entity a latent repre-
sentation. These representations would be used to predict
the talent flow between entities, which explicitly reveals
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the employment status of graduates. Based on the above
definitions, we can formulate the graduate employment
situation based university evaluation problem as follows,
Definition 2 (Problem Definition). Given a dynamic

university-company transition graph, we aim to learn
the representation for each university and company
in order to estimate the existence of talent flows and
forecast the employment situation in the future while
capturing the influence of universities.

3.4 Graph Autoencoders
As we described above, our university evaluation prob-
lem can be categorized as a link prediction problem on a
directed graph. Thus, we provide an overview of graph
autoencoders (GAE) [18], [23], which is treated as the
dominant approach for link prediction, and some variants
of it. Generally, GAE usually has two components, namely
encoder and decoder.

First, given a graph G = (V, E, X), where V, E re-
spectively denotes the set of verticals and edges, the
encoder assigns a latent vector zi for each node vi 2 V

in the graph. We usually leverage graph Convolutional
Network as the encoder due to its computation efficiency
and great capability on graph modeling. The naive Graph
Convolution Network can be formulated as follows,

Z = D̂
�1/2

ÂD̂
�1/2

XW + b (1)

where Z is the embedding matrix, Â = A + I denotes
the adjacency matrix with inserted self-loops, D̂ii =P

j=0 Âij is the diagonal degree matrix, X is the feature
matrix of nodes, and W , b are parameters to be learned.
For the node-wise perspective, the convlotional layer can
be viewed as the aggregation process of information con-
tained in neighbouring nodes.

Then, the decoder aims to reconstruct A with the
output of the encoder Z where the basic decoding process
is based on the inner product of latent representations.
For two nodes vi, vj 2 V , the larger the inner prod-
uct z

T

i
zj means a higher probability that nodes vi and

vj are connected in the graph. The adjacency matrix
of the reconstruction graph Â decoded from A can be
written as Â = �(ZT

Z), and the reconstruction process
demonstrates the intuition behind the autoencoder: If the
adjacency matrix can be well reconstructed by the latent
vectors, the learned latent vectors should preserve enough
information from the original graph. Besides, [23] also
proposed Variational Graph Autoencoder (VGAE), which
extended VAE on graph with introducing a probabilistic
model in the graph modeling.

4 METHODOLOGY

In this section, we introduce the technical details of
our proposed IGAE model, shown in Figure 4. As pre-
viously discussed, our primary objective is to forecast
employment trends by effectively modeling universities
and companies within our meticulously designed dy-
namic transition graph, and subsequently assigning each

a fixed-length representation vector. Given the unidirec-
tional property of talent flow, the main challenge of this
component lie in assigning an asymmetric representation
to each node in the dynamic directed graph while making
the representations capable of depicting the Influence of
each node.

To tackle this challenge, we take inspiration from the
HITS algorithm, renowned for its ability to estimate link
values within directed networks. In the HITS algorithm,
two metrics, known as Hubs and Authorities, would
respectively measure the value of the links from a node
and the inherent value of the node itself. By integrating
this link analysis approach into a graph autoencoder
framework, we can not only gauge the likelihood of
links between node pairs but also retain the quantifiable
feature of node influence. Thus this section presents the
details of our HITS-inspired graph autoencoder methods,
followed by an introduction to the encoder and decoder
components of the IGAE model, respectively.

4.1 HITS-Inspired graph Autoencoder
This section will introduce the conceptual integration of
the HITS algorithm within the graph autoencoder.

4.1.1 HITS Algorithm
Hyperlink-Induced Topic Search (HITS) [48] is a link
analysis algorithm devised to rate web pages, considering
the World Wide Web (WWW) as a directed graph. The
HITS algorithm draws its inspiration from the structure of
the Internet, where certain authoritative web pages have
a high value due to the intrinsic value of their content. In
contrast, some pages, referred to as ’hubs’, have notable
significance due to their role as extensive resource catalogs
that guide users to other high-value pages. Accordingly,
HITS assigns two scores to each page: an authority value,
which estimates the value of the page’s content, and a hub
value, which evaluates the worth of links from the page
to other pages. To compute these values, we initially set
hub(v) = 1 and auth(v) = 1 for each v 2 V , as part of
the initialization process, and then update the scores as
follows,

auth(v) =
d�inX

i

auth(i), hub(v) =
d�outX

j

hub(j) (2)

where d � in and d � out are respectively the in-degree
and out-degree of node v, i is a node with an edge linked
to v, and j is a node with an edge originating from v.
After several iterations of updates, we can derive the hub
and authority values for all nodes. Given the impressive
success of the HITS algorithm in network analysis, we
propose integrating its concepts into our graph modeling
approach to capture node influence information.

4.1.2 HITS-Inspired Graph Autoencoder
Returning now to our original problem of learning node
representations within university and company transition
networks, our objective is to determine a latent vector
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<latexit sha1_base64="0DQSESpVGfgZZUtUNxvmYe0yVnY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WOxF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28G4PvPbT6g0j+WjmSToR3QoecgZNVZ6qPd5v1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMT3vgZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1busXt1fVmq3eRxFOIFTOAcPrqEGd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AESao2r</latexit>

C2

<latexit sha1_base64="4kEBq8QZk9H02+TYlDO2r2OWsHs=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELh4xyiOBDZkdemHC7OxmZtaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj+txvP6HSPJaPZpKgH9Gh5CFn1Fjpod6v9Islt+wuQNaJl5ESZGj0i1+9QczSCKVhgmrd9dzE+FOqDGcCZ4VeqjGhbEyH2LVU0gi1P12cOiMXVhmQMFa2pCEL9ffElEZaT6LAdkbUjPSqNxf/87qpCW/8KZdJalCy5aIwFcTEZP43GXCFzIiJJZQpbm8lbEQVZcamU7AheKsvr5NWpexVy1f31VLtNosjD2dwDpfgwTXU4A4a0AQGQ3iGV3hzhPPivDsfy9ack82cwh84nz++/410</latexit>

C3

<latexit sha1_base64="iMWDSKJuXoWMOvrj5vZIDOBhr1I=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYVo0ciF48Y5ZHAhswOszBhdnYz02tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMajO/9cS1EbF6xHHC/YgOlAgFo2ilh1rvslcsuWV3DrJKvIyUIEO9V/zq9mOWRlwhk9SYjucm6E+oRsEknxa6qeEJZSM64B1LFY248SfzU6fkzCp9EsbalkIyV39PTGhkzDgKbGdEcWiWvZn4n9dJMbzxJ0IlKXLFFovCVBKMyexv0heaM5RjSyjTwt5K2JBqytCmU7AheMsvr5LmRdmrlK/uK6XqbRZHHk7gFM7Bg2uowh3UoQEMBvAMr/DmSOfFeXc+Fq05J5s5hj9wPn8AwIONdQ==</latexit>

C1

<latexit sha1_base64="RW5hUWdIFYg0VGgslNfapLTuHn4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WOxF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28G4PvPbT6g0j+WjmSToR3QoecgZNVZ6qPe9frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndZvbq/rNRu8ziKcAKncA4eXEMN7qABTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QO9e41z</latexit>

G1

<latexit sha1_base64="dHfDX3JfsM3vzxM84f04TW6pUrE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRgx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaHSPJaPZpygH9GB5CFn1Fjp4bbn9coVt+rOQJaJl5MK5Kj3yl/dfszSCKVhgmrd8dzE+BlVhjOBk1I31ZhQNqID7FgqaYTaz2anTsiJVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14ZWfcZmkBiWbLwpTQUxMpn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/jyMmmeVb3z6sX9eaV2ncdRhCM4hlPw4BJqcAd1aACDATzDK7w5wnlx3p2PeWvByWcO4Q+czx/Dk413</latexit>

U5

<latexit sha1_base64="Os4bkbFqvGcSICTenuFP9yBjec4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0O/NbT6g0T+SjGacYxHQgecQZNVZ68Hu1XrniVt05yCrxclKBHI1e+avbT1gWozRMUK07npuaYEKV4UzgtNTNNKaUjegAO5ZKGqMOJvNTp+TMKn0SJcqWNGSu/p6Y0FjrcRzazpiaoV72ZuJ/Xicz0XUw4TLNDEq2WBRlgpiEzP4mfa6QGTG2hDLF7a2EDamizNh0SjYEb/nlVdK8qHqX1dr9ZaV+k8dRhBM4hXPw4ArqcAcN8IHBAJ7hFd4c4bw4787HorXg5DPH8AfO5w/e942J</latexit>

U1

<latexit sha1_base64="+TqthmaG3Q8f3B+h1wAEp5SLnjA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0O/NbT6g0T+SjGacYxHQgecQZNVZ68Hter1xxq+4cZJV4OalAjkav/NXtJyyLURomqNYdz01NMKHKcCZwWupmGlPKRnSAHUsljVEHk/mpU3JmlT6JEmVLGjJXf09MaKz1OA5tZ0zNUC97M/E/r5OZ6DqYcJlmBiVbLIoyQUxCZn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/zyKmleVL1a9fK+Vqnf5HEU4QRO4Rw8uII63EEDfGAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QPY542F</latexit>

U2

<latexit sha1_base64="n+ucTkyem36Zo54G9qRISO6Bp1o=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKRY9FLx4rmlpoQ9lst+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGfdZLGPdDqnhUijuo0DJ24nmNAolfwzHNzP/8YlrI2L1gJOEBxEdKjEQjKKV7v1erVeuuFV3DrJKvJxUIEezV/7q9mOWRlwhk9SYjucmGGRUo2CST0vd1PCEsjEd8o6likbcBNn81Ck5s0qfDGJtSyGZq78nMhoZM4lC2xlRHJllbyb+53VSHFwFmVBJilyxxaJBKgnGZPY36QvNGcqJJZRpYW8lbEQ1ZWjTKdkQvOWXV0mrVvXq1Yu7eqVxncdRhBM4hXPw4BIacAtN8IHBEJ7hFd4c6bw4787HorXg5DPH8AfO5w/aa42G</latexit>

U3

<latexit sha1_base64="fFKe0NVZH24C3+fK7P8g8VxZoaw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDVh8MPN6bYWZemAqujet+OYWV1bX1jeJmaWt7Z3evvH/Q1EmmGPosEYlqh1Sj4BJ9w43AdqqQxqHAVji6mfmtR1SaJ/LBjFMMYjqQPOKMGivd+73zXrniVt05yF/i5aQCORq98me3n7AsRmmYoFp3PDc1wYQqw5nAaambaUwpG9EBdiyVNEYdTOanTsmJVfokSpQtachc/TkxobHW4zi0nTE1Q73szcT/vE5moqtgwmWaGZRssSjKBDEJmf1N+lwhM2JsCWWK21sJG1JFmbHplGwI3vLLf0nzrOrVqhd3tUr9Oo+jCEdwDKfgwSXU4RYa4AODATzBC7w6wnl23pz3RWvByWcO4Recj2/b742H</latexit>

U4

<latexit sha1_base64="rkeOW0B8zWF7K5D6o5l/n5ZLDhw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0O/NbT6g0T+SjGacYxHQgecQZNVZ68Hu1XrniVt05yCrxclKBHI1e+avbT1gWozRMUK07npuaYEKV4UzgtNTNNKaUjegAO5ZKGqMOJvNTp+TMKn0SJcqWNGSu/p6Y0FjrcRzazpiaoV72ZuJ/Xicz0XUw4TLNDEq2WBRlgpiEzP4mfa6QGTG2hDLF7a2EDamizNh0SjYEb/nlVdK8qHq16uV9rVK/yeMowgmcwjl4cAV1uIMG+MBgAM/wCm+OcF6cd+dj0Vpw8plj+APn8wfdc42I</latexit>

Ci

<latexit sha1_base64="0DQSESpVGfgZZUtUNxvmYe0yVnY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WOxF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28G4PvPbT6g0j+WjmSToR3QoecgZNVZ6qPd5v1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMT3vgZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1busXt1fVmq3eRxFOIFTOAcPrqEGd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AESao2r</latexit>

C2

<latexit sha1_base64="4kEBq8QZk9H02+TYlDO2r2OWsHs=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELh4xyiOBDZkdemHC7OxmZtaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj+txvP6HSPJaPZpKgH9Gh5CFn1Fjpod6v9Islt+wuQNaJl5ESZGj0i1+9QczSCKVhgmrd9dzE+FOqDGcCZ4VeqjGhbEyH2LVU0gi1P12cOiMXVhmQMFa2pCEL9ffElEZaT6LAdkbUjPSqNxf/87qpCW/8KZdJalCy5aIwFcTEZP43GXCFzIiJJZQpbm8lbEQVZcamU7AheKsvr5NWpexVy1f31VLtNosjD2dwDpfgwTXU4A4a0AQGQ3iGV3hzhPPivDsfy9ack82cwh84nz++/410</latexit>

C3

<latexit sha1_base64="iMWDSKJuXoWMOvrj5vZIDOBhr1I=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYVo0ciF48Y5ZHAhswOszBhdnYz02tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMajO/9cS1EbF6xHHC/YgOlAgFo2ilh1rvslcsuWV3DrJKvIyUIEO9V/zq9mOWRlwhk9SYjucm6E+oRsEknxa6qeEJZSM64B1LFY248SfzU6fkzCp9EsbalkIyV39PTGhkzDgKbGdEcWiWvZn4n9dJMbzxJ0IlKXLFFovCVBKMyexv0heaM5RjSyjTwt5K2JBqytCmU7AheMsvr5LmRdmrlK/uK6XqbRZHHk7gFM7Bg2uowh3UoQEMBvAMr/DmSOfFeXc+Fq05J5s5hj9wPn8AwIONdQ==</latexit>

C1

<latexit sha1_base64="RW5hUWdIFYg0VGgslNfapLTuHn4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WOxF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28G4PvPbT6g0j+WjmSToR3QoecgZNVZ6qPe9frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndZvbq/rNRu8ziKcAKncA4eXEMN7qABTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QO9e41z</latexit>

Gt

<latexit sha1_base64="P2D2+sAD/YCRjum6HZtNzzkRcpw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRgx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbqZ+64lrI2L1iOOE+xEdKBEKRtFKD7c97JUrbtWdgSwTLycVyFHvlb+6/ZilEVfIJDWm47kJ+hnVKJjkk1I3NTyhbEQHvGOpohE3fjY7dUJOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tOyYbgLb68TJpnVe+8enF/Xqld53EU4QiO4RQ8uIQa3EEdGsBgAM/wCm+OdF6cd+dj3lpw8plD+APn8wcpLo26</latexit>

U5

<latexit sha1_base64="Os4bkbFqvGcSICTenuFP9yBjec4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0O/NbT6g0T+SjGacYxHQgecQZNVZ68Hu1XrniVt05yCrxclKBHI1e+avbT1gWozRMUK07npuaYEKV4UzgtNTNNKaUjegAO5ZKGqMOJvNTp+TMKn0SJcqWNGSu/p6Y0FjrcRzazpiaoV72ZuJ/Xicz0XUw4TLNDEq2WBRlgpiEzP4mfa6QGTG2hDLF7a2EDamizNh0SjYEb/nlVdK8qHqX1dr9ZaV+k8dRhBM4hXPw4ArqcAcN8IHBAJ7hFd4c4bw4787HorXg5DPH8AfO5w/e942J</latexit>

U1

<latexit sha1_base64="+TqthmaG3Q8f3B+h1wAEp5SLnjA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0O/NbT6g0T+SjGacYxHQgecQZNVZ68Hter1xxq+4cZJV4OalAjkav/NXtJyyLURomqNYdz01NMKHKcCZwWupmGlPKRnSAHUsljVEHk/mpU3JmlT6JEmVLGjJXf09MaKz1OA5tZ0zNUC97M/E/r5OZ6DqYcJlmBiVbLIoyQUxCZn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/zyKmleVL1a9fK+Vqnf5HEU4QRO4Rw8uII63EEDfGAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QPY542F</latexit>

U2

<latexit sha1_base64="n+ucTkyem36Zo54G9qRISO6Bp1o=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKRY9FLx4rmlpoQ9lst+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGfdZLGPdDqnhUijuo0DJ24nmNAolfwzHNzP/8YlrI2L1gJOEBxEdKjEQjKKV7v1erVeuuFV3DrJKvJxUIEezV/7q9mOWRlwhk9SYjucmGGRUo2CST0vd1PCEsjEd8o6likbcBNn81Ck5s0qfDGJtSyGZq78nMhoZM4lC2xlRHJllbyb+53VSHFwFmVBJilyxxaJBKgnGZPY36QvNGcqJJZRpYW8lbEQ1ZWjTKdkQvOWXV0mrVvXq1Yu7eqVxncdRhBM4hXPw4BIacAtN8IHBEJ7hFd4c6bw4787HorXg5DPH8AfO5w/aa42G</latexit>

U3

<latexit sha1_base64="fFKe0NVZH24C3+fK7P8g8VxZoaw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDVh8MPN6bYWZemAqujet+OYWV1bX1jeJmaWt7Z3evvH/Q1EmmGPosEYlqh1Sj4BJ9w43AdqqQxqHAVji6mfmtR1SaJ/LBjFMMYjqQPOKMGivd+73zXrniVt05yF/i5aQCORq98me3n7AsRmmYoFp3PDc1wYQqw5nAaambaUwpG9EBdiyVNEYdTOanTsmJVfokSpQtachc/TkxobHW4zi0nTE1Q73szcT/vE5moqtgwmWaGZRssSjKBDEJmf1N+lwhM2JsCWWK21sJG1JFmbHplGwI3vLLf0nzrOrVqhd3tUr9Oo+jCEdwDKfgwSXU4RYa4AODATzBC7w6wnl23pz3RWvByWcO4Recj2/b742H</latexit>

U4

<latexit sha1_base64="rkeOW0B8zWF7K5D6o5l/n5ZLDhw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0O/NbT6g0T+SjGacYxHQgecQZNVZ68Hu1XrniVt05yCrxclKBHI1e+avbT1gWozRMUK07npuaYEKV4UzgtNTNNKaUjegAO5ZKGqMOJvNTp+TMKn0SJcqWNGSu/p6Y0FjrcRzazpiaoV72ZuJ/Xicz0XUw4TLNDEq2WBRlgpiEzP4mfa6QGTG2hDLF7a2EDamizNh0SjYEb/nlVdK8qHq16uV9rVK/yeMowgmcwjl4cAV1uIMG+MBgAM/wCm+OcF6cd+dj0Vpw8plj+APn8wfdc42I</latexit>

Ci

<latexit sha1_base64="0DQSESpVGfgZZUtUNxvmYe0yVnY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WOxF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28G4PvPbT6g0j+WjmSToR3QoecgZNVZ6qPd5v1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMT3vgZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1busXt1fVmq3eRxFOIFTOAcPrqEGd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AESao2r</latexit>

C2

<latexit sha1_base64="4kEBq8QZk9H02+TYlDO2r2OWsHs=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELh4xyiOBDZkdemHC7OxmZtaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj+txvP6HSPJaPZpKgH9Gh5CFn1Fjpod6v9Islt+wuQNaJl5ESZGj0i1+9QczSCKVhgmrd9dzE+FOqDGcCZ4VeqjGhbEyH2LVU0gi1P12cOiMXVhmQMFa2pCEL9ffElEZaT6LAdkbUjPSqNxf/87qpCW/8KZdJalCy5aIwFcTEZP43GXCFzIiJJZQpbm8lbEQVZcamU7AheKsvr5NWpexVy1f31VLtNosjD2dwDpfgwTXU4A4a0AQGQ3iGV3hzhPPivDsfy9ack82cwh84nz++/410</latexit>

C3

<latexit sha1_base64="iMWDSKJuXoWMOvrj5vZIDOBhr1I=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYVo0ciF48Y5ZHAhswOszBhdnYz02tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMajO/9cS1EbF6xHHC/YgOlAgFo2ilh1rvslcsuWV3DrJKvIyUIEO9V/zq9mOWRlwhk9SYjucm6E+oRsEknxa6qeEJZSM64B1LFY248SfzU6fkzCp9EsbalkIyV39PTGhkzDgKbGdEcWiWvZn4n9dJMbzxJ0IlKXLFFovCVBKMyexv0heaM5RjSyjTwt5K2JBqytCmU7AheMsvr5LmRdmrlK/uK6XqbRZHHk7gFM7Bg2uowh3UoQEMBvAMr/DmSOfFeXc+Fq05J5s5hj9wPn8AwIONdQ==</latexit>

C1

<latexit sha1_base64="RW5hUWdIFYg0VGgslNfapLTuHn4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WOxF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28G4PvPbT6g0j+WjmSToR3QoecgZNVZ6qPe9frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndZvbq/rNRu8ziKcAKncA4eXEMN7qABTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QO9e41z</latexit>

GT

<latexit sha1_base64="4deBqLSPMZGcrXnBT01u5/6Es7Q=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKexKRI9BD3qMmBckS5id9CZDZmeXmVkhhHyCFw+KePWLvPk3TpI9aGJBQ1HVTXdXkAiujet+O7m19Y3Nrfx2YWd3b/+geHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hodua3nlBpHsu6GSfoR3QgecgZNVZ6vOvVe8WSW3bnIKvEy0gJMtR6xa9uP2ZphNIwQbXueG5i/AlVhjOB00I31ZhQNqID7FgqaYTan8xPnZIzq/RJGCtb0pC5+ntiQiOtx1FgOyNqhnrZm4n/eZ3UhNf+hMskNSjZYlGYCmJiMvub9LlCZsTYEsoUt7cSNqSKMmPTKdgQvOWXV0nzouxVypcPlVL1JosjDydwCufgwRVU4R5q0AAGA3iGV3hzhPPivDsfi9ack80cwx84nz/4n42a</latexit>
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<latexit sha1_base64="sI2ljdeFqLbb4Bc06C08jk8hzzI=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRS0WXRjcsW7AOaUCbTSTt0MgnzEErob7hxoYhbf8adf+OkzUJbDwwczrmXe+aEKWdKu+63U9rY3NreKe9W9vYPDo+qxyddlRhJaIckPJH9ECvKmaAdzTSn/VRSHIec9sLpfe73nqhULBGPepbSIMZjwSJGsLaS78dYT8Ioa8+HZlituXV3AbROvILUoEBrWP3yRwkxMRWacKzUwHNTHWRYakY4nVd8o2iKyRSP6cBSgWOqgmyReY4urDJCUSLtExot1N8bGY6VmsWhncwzqlUvF//zBkZHt0HGRGo0FWR5KDIc6QTlBaARk5RoPrMEE8lsVkQmWGKibU0VW4K3+uV10r2qe436dbtRa94VdZThDM7hEjy4gSY8QAs6QCCFZ3iFN8c4L86787EcLTnFzin8gfP5A1h3keU=</latexit>

H

<latexit sha1_base64="obEFfNXD3QvjGAPjTBTmystGpZE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuimy4r2Ae2pWTSTBuayQzJHaEM/Qs3LhRx69+482/MtLPQ1gOBwzn3knOPH0th0HW/ncLa+sbmVnG7tLO7t39QPjxqmSjRjDdZJCPd8anhUijeRIGSd2LNaehL3vYnd5nffuLaiEg94DTm/ZCOlAgEo2ilx15IcewHaX02KFfcqjsHWSVeTiqQozEof/WGEUtCrpBJakzXc2Psp1SjYJLPSr3E8JiyCR3xrqWKhtz003niGTmzypAEkbZPIZmrvzdSGhozDX07mSU0y14m/ud1Ewxu+qlQcYJcscVHQSIJRiQ7nwyF5gzl1BLKtLBZCRtTTRnakkq2BG/55FXSuqh6l9Wr+8tK7TavowgncArn4ME11KAODWgCAwXP8ApvjnFenHfnYzFacPKdY/gD5/MHtuGQ9A==</latexit>

U5

<latexit sha1_base64="Os4bkbFqvGcSICTenuFP9yBjec4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0O/NbT6g0T+SjGacYxHQgecQZNVZ68Hu1XrniVt05yCrxclKBHI1e+avbT1gWozRMUK07npuaYEKV4UzgtNTNNKaUjegAO5ZKGqMOJvNTp+TMKn0SJcqWNGSu/p6Y0FjrcRzazpiaoV72ZuJ/Xicz0XUw4TLNDEq2WBRlgpiEzP4mfa6QGTG2hDLF7a2EDamizNh0SjYEb/nlVdK8qHqX1dr9ZaV+k8dRhBM4hXPw4ArqcAcN8IHBAJ7hFd4c4bw4787HorXg5DPH8AfO5w/e942J</latexit>

U1

<latexit sha1_base64="+TqthmaG3Q8f3B+h1wAEp5SLnjA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0O/NbT6g0T+SjGacYxHQgecQZNVZ68Hter1xxq+4cZJV4OalAjkav/NXtJyyLURomqNYdz01NMKHKcCZwWupmGlPKRnSAHUsljVEHk/mpU3JmlT6JEmVLGjJXf09MaKz1OA5tZ0zNUC97M/E/r5OZ6DqYcJlmBiVbLIoyQUxCZn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/zyKmleVL1a9fK+Vqnf5HEU4QRO4Rw8uII63EEDfGAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QPY542F</latexit>

U2

<latexit sha1_base64="n+ucTkyem36Zo54G9qRISO6Bp1o=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKRY9FLx4rmlpoQ9lst+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGfdZLGPdDqnhUijuo0DJ24nmNAolfwzHNzP/8YlrI2L1gJOEBxEdKjEQjKKV7v1erVeuuFV3DrJKvJxUIEezV/7q9mOWRlwhk9SYjucmGGRUo2CST0vd1PCEsjEd8o6likbcBNn81Ck5s0qfDGJtSyGZq78nMhoZM4lC2xlRHJllbyb+53VSHFwFmVBJilyxxaJBKgnGZPY36QvNGcqJJZRpYW8lbEQ1ZWjTKdkQvOWXV0mrVvXq1Yu7eqVxncdRhBM4hXPw4BIacAtN8IHBEJ7hFd4c6bw4787HorXg5DPH8AfO5w/aa42G</latexit>

U3

<latexit sha1_base64="fFKe0NVZH24C3+fK7P8g8VxZoaw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDVh8MPN6bYWZemAqujet+OYWV1bX1jeJmaWt7Z3evvH/Q1EmmGPosEYlqh1Sj4BJ9w43AdqqQxqHAVji6mfmtR1SaJ/LBjFMMYjqQPOKMGivd+73zXrniVt05yF/i5aQCORq98me3n7AsRmmYoFp3PDc1wYQqw5nAaambaUwpG9EBdiyVNEYdTOanTsmJVfokSpQtachc/TkxobHW4zi0nTE1Q73szcT/vE5moqtgwmWaGZRssSjKBDEJmf1N+lwhM2JsCWWK21sJG1JFmbHplGwI3vLLf0nzrOrVqhd3tUr9Oo+jCEdwDKfgwSXU4RYa4AODATzBC7w6wnl23pz3RWvByWcO4Recj2/b742H</latexit>

U4

<latexit sha1_base64="rkeOW0B8zWF7K5D6o5l/n5ZLDhw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0O/NbT6g0T+SjGacYxHQgecQZNVZ68Hu1XrniVt05yCrxclKBHI1e+avbT1gWozRMUK07npuaYEKV4UzgtNTNNKaUjegAO5ZKGqMOJvNTp+TMKn0SJcqWNGSu/p6Y0FjrcRzazpiaoV72ZuJ/Xicz0XUw4TLNDEq2WBRlgpiEzP4mfa6QGTG2hDLF7a2EDamizNh0SjYEb/nlVdK8qHq16uV9rVK/yeMowgmcwjl4cAV1uIMG+MBgAM/wCm+OcF6cd+dj0Vpw8plj+APn8wfdc42I</latexit>

Ci

<latexit sha1_base64="0DQSESpVGfgZZUtUNxvmYe0yVnY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WOxF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28G4PvPbT6g0j+WjmSToR3QoecgZNVZ6qPd5v1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMT3vgZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1busXt1fVmq3eRxFOIFTOAcPrqEGd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AESao2r</latexit>

C2

<latexit sha1_base64="4kEBq8QZk9H02+TYlDO2r2OWsHs=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELh4xyiOBDZkdemHC7OxmZtaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj+txvP6HSPJaPZpKgH9Gh5CFn1Fjpod6v9Islt+wuQNaJl5ESZGj0i1+9QczSCKVhgmrd9dzE+FOqDGcCZ4VeqjGhbEyH2LVU0gi1P12cOiMXVhmQMFa2pCEL9ffElEZaT6LAdkbUjPSqNxf/87qpCW/8KZdJalCy5aIwFcTEZP43GXCFzIiJJZQpbm8lbEQVZcamU7AheKsvr5NWpexVy1f31VLtNosjD2dwDpfgwTXU4A4a0AQGQ3iGV3hzhPPivDsfy9ack82cwh84nz++/410</latexit>

C3

<latexit sha1_base64="iMWDSKJuXoWMOvrj5vZIDOBhr1I=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYVo0ciF48Y5ZHAhswOszBhdnYz02tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMajO/9cS1EbF6xHHC/YgOlAgFo2ilh1rvslcsuWV3DrJKvIyUIEO9V/zq9mOWRlwhk9SYjucm6E+oRsEknxa6qeEJZSM64B1LFY248SfzU6fkzCp9EsbalkIyV39PTGhkzDgKbGdEcWiWvZn4n9dJMbzxJ0IlKXLFFovCVBKMyexv0heaM5RjSyjTwt5K2JBqytCmU7AheMsvr5LmRdmrlK/uK6XqbRZHHk7gFM7Bg2uowh3UoQEMBvAMr/DmSOfFeXc+Fq05J5s5hj9wPn8AwIONdQ==</latexit>

C1

<latexit sha1_base64="RW5hUWdIFYg0VGgslNfapLTuHn4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WOxF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28G4PvPbT6g0j+WjmSToR3QoecgZNVZ6qPe9frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndZvbq/rNRu8ziKcAKncA4eXEMN7qABTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QO9e41z</latexit>

neighbouring universities

U5

<latexit sha1_base64="Os4bkbFqvGcSICTenuFP9yBjec4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0O/NbT6g0T+SjGacYxHQgecQZNVZ68Hu1XrniVt05yCrxclKBHI1e+avbT1gWozRMUK07npuaYEKV4UzgtNTNNKaUjegAO5ZKGqMOJvNTp+TMKn0SJcqWNGSu/p6Y0FjrcRzazpiaoV72ZuJ/Xicz0XUw4TLNDEq2WBRlgpiEzP4mfa6QGTG2hDLF7a2EDamizNh0SjYEb/nlVdK8qHqX1dr9ZaV+k8dRhBM4hXPw4ArqcAcN8IHBAJ7hFd4c4bw4787HorXg5DPH8AfO5w/e942J</latexit>

U1

<latexit sha1_base64="+TqthmaG3Q8f3B+h1wAEp5SLnjA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0O/NbT6g0T+SjGacYxHQgecQZNVZ68Hter1xxq+4cZJV4OalAjkav/NXtJyyLURomqNYdz01NMKHKcCZwWupmGlPKRnSAHUsljVEHk/mpU3JmlT6JEmVLGjJXf09MaKz1OA5tZ0zNUC97M/E/r5OZ6DqYcJlmBiVbLIoyQUxCZn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/zyKmleVL1a9fK+Vqnf5HEU4QRO4Rw8uII63EEDfGAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QPY542F</latexit>

U2

<latexit sha1_base64="n+ucTkyem36Zo54G9qRISO6Bp1o=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKRY9FLx4rmlpoQ9lst+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGfdZLGPdDqnhUijuo0DJ24nmNAolfwzHNzP/8YlrI2L1gJOEBxEdKjEQjKKV7v1erVeuuFV3DrJKvJxUIEezV/7q9mOWRlwhk9SYjucmGGRUo2CST0vd1PCEsjEd8o6likbcBNn81Ck5s0qfDGJtSyGZq78nMhoZM4lC2xlRHJllbyb+53VSHFwFmVBJilyxxaJBKgnGZPY36QvNGcqJJZRpYW8lbEQ1ZWjTKdkQvOWXV0mrVvXq1Yu7eqVxncdRhBM4hXPw4BIacAtN8IHBEJ7hFd4c6bw4787HorXg5DPH8AfO5w/aa42G</latexit>

U3

<latexit sha1_base64="fFKe0NVZH24C3+fK7P8g8VxZoaw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDVh8MPN6bYWZemAqujet+OYWV1bX1jeJmaWt7Z3evvH/Q1EmmGPosEYlqh1Sj4BJ9w43AdqqQxqHAVji6mfmtR1SaJ/LBjFMMYjqQPOKMGivd+73zXrniVt05yF/i5aQCORq98me3n7AsRmmYoFp3PDc1wYQqw5nAaambaUwpG9EBdiyVNEYdTOanTsmJVfokSpQtachc/TkxobHW4zi0nTE1Q73szcT/vE5moqtgwmWaGZRssSjKBDEJmf1N+lwhM2JsCWWK21sJG1JFmbHplGwI3vLLf0nzrOrVqhd3tUr9Oo+jCEdwDKfgwSXU4RYa4AODATzBC7w6wnl23pz3RWvByWcO4Recj2/b742H</latexit>

U4

<latexit sha1_base64="rkeOW0B8zWF7K5D6o5l/n5ZLDhw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48VTVtoQ9lsJ+3SzSbsboRS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0O/NbT6g0T+SjGacYxHQgecQZNVZ68Hu1XrniVt05yCrxclKBHI1e+avbT1gWozRMUK07npuaYEKV4UzgtNTNNKaUjegAO5ZKGqMOJvNTp+TMKn0SJcqWNGSu/p6Y0FjrcRzazpiaoV72ZuJ/Xicz0XUw4TLNDEq2WBRlgpiEzP4mfa6QGTG2hDLF7a2EDamizNh0SjYEb/nlVdK8qHq16uV9rVK/yeMowgmcwjl4cAV1uIMG+MBgAM/wCm+OcF6cd+dj0Vpw8plj+APn8wfdc42I</latexit>

Ci

<latexit sha1_base64="0DQSESpVGfgZZUtUNxvmYe0yVnY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WOxF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28G4PvPbT6g0j+WjmSToR3QoecgZNVZ6qPd5v1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMT3vgZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1busXt1fVmq3eRxFOIFTOAcPrqEGd9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AESao2r</latexit>

C2

<latexit sha1_base64="4kEBq8QZk9H02+TYlDO2r2OWsHs=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELh4xyiOBDZkdemHC7OxmZtaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj+txvP6HSPJaPZpKgH9Gh5CFn1Fjpod6v9Islt+wuQNaJl5ESZGj0i1+9QczSCKVhgmrd9dzE+FOqDGcCZ4VeqjGhbEyH2LVU0gi1P12cOiMXVhmQMFa2pCEL9ffElEZaT6LAdkbUjPSqNxf/87qpCW/8KZdJalCy5aIwFcTEZP43GXCFzIiJJZQpbm8lbEQVZcamU7AheKsvr5NWpexVy1f31VLtNosjD2dwDpfgwTXU4A4a0AQGQ3iGV3hzhPPivDsfy9ack82cwh84nz++/410</latexit>

C3

<latexit sha1_base64="iMWDSKJuXoWMOvrj5vZIDOBhr1I=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYVo0ciF48Y5ZHAhswOszBhdnYz02tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMajO/9cS1EbF6xHHC/YgOlAgFo2ilh1rvslcsuWV3DrJKvIyUIEO9V/zq9mOWRlwhk9SYjucm6E+oRsEknxa6qeEJZSM64B1LFY248SfzU6fkzCp9EsbalkIyV39PTGhkzDgKbGdEcWiWvZn4n9dJMbzxJ0IlKXLFFovCVBKMyexv0heaM5RjSyjTwt5K2JBqytCmU7AheMsvr5LmRdmrlK/uK6XqbRZHHk7gFM7Bg2uowh3UoQEMBvAMr/DmSOfFeXc+Fq05J5s5hj9wPn8AwIONdQ==</latexit>

C1

<latexit sha1_base64="RW5hUWdIFYg0VGgslNfapLTuHn4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WOxF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28G4PvPbT6g0j+WjmSToR3QoecgZNVZ6qPe9frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndZvbq/rNRu8ziKcAKncA4eXEMN7qABTWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QO9e41z</latexit>

neighbouring companies

Self-attention

Self-attention

multilayer perceptron

vi

<latexit sha1_base64="WSKqV5dFvXkbH4utlbMvKNUsDZE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPd4r1xxq+4cZJV4OalAjnqv/NXtxyyNUBomqNYdz02Mn1FlOBM4LXVTjQllIzrAjqWSRqj9bH7qlJxZpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTsiF4yy+vkuZF1busXj1cVmq3eRxFOIFTOAcPrqEG91CHBjAYwDO8wpsjnBfn3flYtBacfOYY/sD5/AFgHI3e</latexit>

ri

<latexit sha1_base64="ZN3dElxs+qItI1Wufx+Ak9jlSR4=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiSi6LLoxmUF+4CmlMl00g6dTMLMjVBCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZrwfkRHSoSCUbSS70cUx0GY6dlADKo1t+7OQVaJV5AaFGgOql/+MGZpxBUySY3peW6C/YxqFEzyWcVPDU8om9AR71mqaMRNP5tnnpEzqwxJGGv7FJK5+nsjo5Ex0yiwk3lGs+zl4n9eL8Xwpp8JlaTIFVscClNJMCZ5AWQoNGcop5ZQpoXNStiYasrQ1lSxJXjLX14l7Yu6d1m/erisNW6LOspwAqdwDh5cQwPuoQktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5A3iukfo=</latexit>

hubi

<latexit sha1_base64="YlnppKsYrhrHBAIREpOnkBFZSYo=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkRY9FLx4r2A9oQ9lsJ+3SzSbsboQS+iO8eFDEq7/Hm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJaPZpqgH9GR5CFn1FipM06DQcZng3LFrboLkHXi5aQCOZqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8W5M3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeONnXCapQcmWi8JUEBOT+e9kyBUyI6aWUKa4vZWwMVWUGZtQyYbgrb68TtpXVa9WrT/UKo3bPI4inME5XIIH19CAe2hCCxhM4Ble4c1JnBfn3flYthacfOYU/sD5/AGj64/H</latexit>

authi

<latexit sha1_base64="cn0jY+nDvioqG2VLNsUeSc4E/r4=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRS0WPRi8cK9gPaUDbbTbt2sxt2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZemAhu0PO+ncLa+sbmVnG7tLO7t39QPjxqGZVqyppUCaU7ITFMcMmayFGwTqIZiUPB2uH4dua3n5g2XMkHnCQsiMlQ8ohTglZqkRRHfd4vV7yqN4e7SvycVCBHo1/+6g0UTWMmkQpiTNf3EgwyopFTwaalXmpYQuiYDFnXUkliZoJsfu3UPbPKwI2UtiXRnau/JzISGzOJQ9sZExyZZW8m/ud1U4yug4zLJEUm6WJRlAoXlTt73R1wzSiKiSWEam5vdemIaELRBlSyIfjLL6+S1kXVr1Uv72uV+k0eRxFO4BTOwYcrqMMdNKAJFB7hGV7hzVHOi/PufCxaC04+cwx/4Hz+ALLhjzg=</latexit>

vj

<latexit sha1_base64="3N0oCYKA0ZPPeiEkVpgjaV8j/r0=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNRo9ELx4xyiOBDZkdZmFkdnYz00tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIJHCoOt+O7m19Y3Nrfx2YWd3b/+geHjUMHGqGa+zWMa6FVDDpVC8jgIlbyWa0yiQvBkMb2d+c8S1EbF6xHHC/Yj2lQgFo2ilh1H3qVssuWV3DrJKvIyUIEOtW/zq9GKWRlwhk9SYtucm6E+oRsEknxY6qeEJZUPa521LFY248SfzU6fkzCo9EsbalkIyV39PTGhkzDgKbGdEcWCWvZn4n9dOMbz2J0IlKXLFFovCVBKMyexv0hOaM5RjSyjTwt5K2IBqytCmU7AheMsvr5LGRdmrlC/vK6XqTRZHHk7gFM7Bgyuowh3UoA4M+vAMr/DmSOfFeXc+Fq05J5s5hj9wPn8AYaCN3w==</latexit>

rj

<latexit sha1_base64="ADwj14Gi+M6o2s8W2rDapB/C9Y4=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ad0hpJJM21sJhOSjFCG/oYbF4q49Wfc+Tdm2llo64HA4Zx7uScnlJxp47rfTmltfWNzq7xd2dnd2z+oHh51dJIqQtsk4YnqhVhTzgRtG2Y47UlFcRxy2g0nt7nffaJKs0Q8mKmkQYxHgkWMYGMl34+xGYdRpmaDx0G15tbdOdAq8QpSgwKtQfXLHyYkjakwhGOt+54rTZBhZRjhdFbxU00lJhM8on1LBY6pDrJ55hk6s8oQRYmyTxg0V39vZDjWehqHdjLPqJe9XPzP66cmug4yJmRqqCCLQ1HKkUlQXgAaMkWJ4VNLMFHMZkVkjBUmxtZUsSV4y19eJZ2LuteoX943as2boo4ynMApnIMHV9CEO2hBGwhIeIZXeHNS58V5dz4WoyWn2DmGP3A+fwB6MpH7</latexit>

hubj

<latexit sha1_base64="7frdXhTa2LGzpbj+38CWSRjULoc=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Ae0oWy2m3btZhN2J0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2il9igN+tnjtF+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn83Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophtd+JlSSIldssShMJcGYzH4nA6E5QzmxhDIt7K2EjaimDG1CJRuCt/zyKmldVL1a9fK+Vqnf5HEU4QRO4Rw8uII63EEDmsBgDM/wCm9O4rw4787HorXg5DPH8AfO5w+lcI/I</latexit>

authj

<latexit sha1_base64="oI1dXC6aXMoAja3fxjREZU7x89E=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbTbvtZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3grGdzO/9cS1EbF6xEnC/YgOlAgFo2ilJk1x2Bv1yhW36s5BVomXkwrkqPfKX91+zNKIK2SSGtPx3AT9jGoUTPJpqZsanlA2pgPesVTRiBs/m187JWdW6ZMw1rYUkrn6eyKjkTGTKLCdEcWhWfZm4n9eJ8Xwxs+ESlLkii0WhakkGJPZ66QvNGcoJ5ZQpoW9lbAh1ZShDahkQ/CWX14lzYuqd1m9eris1G7zOIpwAqdwDh5cQw3uoQ4NYDCCZ3iFNyd2Xpx352PRWnDymWP4A+fzB7Rljzk=</latexit>

�

<latexit sha1_base64="VYtJnwsNMtkQWpp/ssV5E+WlOWg="></latexit>

�

<latexit sha1_base64="VYtJnwsNMtkQWpp/ssV5E+WlOWg="></latexit>

p(eij |vi, vj)

<latexit sha1_base64="Uq+x2CfSA7QpuMQiVDdMdejp93Y=">AAAB/3icbVDLSgMxFL1TX7W+RgU3boJFqCBlRiq6LLpxWcE+oB2GTJq2aTMPkkyhTGfhr7hxoYhbf8Odf2PazkKrB8I9nHMv9+Z4EWdSWdaXkVtZXVvfyG8WtrZ3dvfM/YOGDGNBaJ2EPBQtD0vKWUDriilOW5Gg2Pc4bXqj25nfHFMhWRg8qElEHR/3A9ZjBCstueZRVKJuwobpdKxLeo50GaZnrlm0ytYc6C+xM1KEDDXX/Ox0QxL7NFCEYynbthUpJ8FCMcJpWujEkkaYjHCftjUNsE+lk8zvT9GpVrqoFwr9AoXm6s+JBPtSTnxPd/pYDeSyNxP/89qx6l07CQuiWNGALBb1Yo5UiGZhoC4TlCg+0QQTwfStiAywwETpyAo6BHv5y39J46JsV8qX95Vi9SaLIw/HcAIlsOEKqnAHNagDgSk8wQu8Go/Gs/FmvC9ac0Y2cwi/YHx8A/lvlhQ=</latexit>

Graph Decoder

R

<latexit sha1_base64="LjaZEiYD2XmF1tufYJT22AJvdCg=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5dV7APbUjLpnTY0kxmSjFCG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtJ1SaR/LBTGLshXQoecAZNVZ67IbUjPwgvZ/2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPxhOQ/g==</latexit>

H
u
b

<latexit sha1_base64="VbbJ/0iDszHwfoyi4B0k7o8jHqA=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRS0WXRTZcV7AOaUCbTSTt0MgnzEErob7hxoYhbf8adf+OkzUJbDwwczrmXe+aEKWdKu+63U9rY3NreKe9W9vYPDo+qxyddlRhJaIckPJH9ECvKmaAdzTSn/VRSHIec9sLpfe73nqhULBGPepbSIMZjwSJGsLaS78dYT8Ioa5lwPqzW3Lq7AFonXkFqUKA9rH75o4SYmApNOFZq4LmpDjIsNSOcziu+UTTFZIrHdGCpwDFVQbbIPEcXVhmhKJH2CY0W6u+NDMdKzeLQTuYZ1aqXi/95A6Oj2yBjIjWaCrI8FBmOdILyAtCISUo0n1mCiWQ2KyITLDHRtqaKLcFb/fI66V7VvUb9+qFRa94VdZThDM7hEjy4gSa0oA0dIJDCM7zCm2OcF+fd+ViOlpxi5xT+wPn8AU83kd8=</latexit>

A
u
t
h

<latexit sha1_base64="rjIypAYGsbohZ/HBT3L5LYVKNO0=">AAAB9HicbVDLSsNAFL2pr1pfVZdugkVwVRKp6LLqxmUF+4A2lMl00g6dTOLMTaGEfocbF4q49WPc+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vbHd5nfnjCleSQfcRozLyRDyQNOCRrJ64UER36Q3iQ4mvXLFafqzGGvEjcnFcjR6Je/eoOIJiGTSAXRuus6MXopUcipYLNSL9EsJnRMhqxrqCQh0146Dz2zz4wysINImSfRnqu/N1ISaj0NfTOZhdTLXib+53UTDK69lMs4QSbp4lCQCBsjO2vAHnDFKIqpIYQqbrLadEQUoWh6KpkS3OUvr5LWRdWtVS8fapX6bV5HEU7gFM7BhSuowz00oAkUnuAZXuHNmlgv1rv1sRgtWPnOMfyB9fkDJ2SSXA==</latexit>

Q

<latexit sha1_base64="B1hzMhr+fbs7iMzODztnE7bm9Hw=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5ct2Ae2pWTSTBuayQzJHaEM/Qs3LhRx69+482/MtLPQ1gOBwzn3knOPH0th0HW/ncLa+sbmVnG7tLO7t39QPjxqmSjRjDdZJCPd8anhUijeRIGSd2LNaehL3vYnd5nffuLaiEg94DTm/ZCOlAgEo2ilx15IcewHaWM2KFfcqjsHWSVeTiqQoz4of/WGEUtCrpBJakzXc2Psp1SjYJLPSr3E8JiyCR3xrqWKhtz003niGTmzypAEkbZPIZmrvzdSGhozDX07mSU0y14m/ud1Ewxu+qlQcYJcscVHQSIJRiQ7nwyF5gzl1BLKtLBZCRtTTRnakkq2BG/55FXSuqh6l9WrxmWldpvXUYQTOIVz8OAaanAPdWgCAwXP8ApvjnFenHfnYzFacPKdY/gD5/MHxI6Q/Q==</latexit>

K

<latexit sha1_base64="oMwzejkSWYEsKaZ00A40s7LAs3s=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG8FNBfvAtpRMeqcNzWSGJCOUoX/hxoUibv0bd/6NmXYW2nogcDjnXnLu8WPBtXHdb6ewsrq2vlHcLG1t7+zulfcPmjpKFMMGi0Sk2j7VKLjEhuFGYDtWSENfYMsf32R+6wmV5pF8MJMYeyEdSh5wRo2VHrshNSM/SO+m/XLFrbozkGXi5aQCOer98ld3ELEkRGmYoFp3PDc2vZQqw5nAaambaIwpG9MhdiyVNETdS2eJp+TEKgMSRMo+achM/b2R0lDrSejbySyhXvQy8T+vk5jgqpdyGScGJZt/FCSCmIhk55MBV8iMmFhCmeI2K2EjqigztqSSLcFbPHmZNM+q3nn14v68UrvO6yjCERzDKXhwCTW4hTo0gIGEZ3iFN0c7L8678zEfLTj5ziH8gfP5A7twkPc=</latexit>

V

<latexit sha1_base64="8+xEJrhxJeGDUzBrpZyOsr2xvXg=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ae2Q8mkd9rQTGZIMkIZ+hduXCji1r9x59+YtrPQ1gOBwzn3knNPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHssHM0nQj+hQ8pAzaqz02IuoGQVh1pr2yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5omn5MwqAxLGyj5pyFz9vZHRSOtJFNjJWUK97M3E/7xuasJrP+MySQ1KtvgoTAUxMZmdTwZcITNiYgllitushI2ooszYkkq2BG/55FXSuqh6terlfa1Sv8nrKMIJnMI5eHAFdbiDBjSBgYRneIU3RzsvzrvzsRgtOPnOMfyB8/kDzCeRAg==</latexit>

Y

<latexit sha1_base64="U8EerHE+54fyBx3L4Xw6jVDq6/Y=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7EPbUjJppg3NZIbkjlCG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHj6Uw6LrfTmFldW19o7hZ2tre2d0r7x80TZRoxhsskpFu+9RwKRRvoEDJ27HmNPQlb/njm8xvPXFtRKTucRLzXkiHSgSCUbTSYzekOPKD9GHaL1fcqjsDWSZeTiqQo94vf3UHEUtCrpBJakzHc2PspVSjYJJPS93E8JiyMR3yjqWKhtz00lniKTmxyoAEkbZPIZmpvzdSGhozCX07mSU0i14m/ud1EgyueqlQcYJcsflHQSIJRiQ7nwyE5gzlxBLKtLBZCRtRTRnakkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABgqe4RXeHOO8OO/Ox3y04OQ7h/AHzucP0LaRBQ==</latexit>

Fig. 4: The diagrammatic sketch of the proposed IGAE framework.

ri 2 Rd (d << n) for each node. This vector should
encapsulate the information of talent flow between nodes
of different types and capture the node influence as man-
ifested within the transition networks. More specifically,
our objective is to learn two additional parameters, hubi

and authi 2 R1, each representing the hub and authority
values of the nodes, respectively. Following the logic of
the HITS algorithm, we postulate that a node with a high
authority score is likely to draw links from nodes with
high hub scores. Hence, the reconstruction function can
be expressed as follows.

p(eeij |vi, vj) =
hubi · authj

||ri � rj ||2
(3)

where ||ri � rj ||2 represents the second-order norm, sig-
nifying that nodes with similar learned representations
that reflect similar structural proximity, are more likely to
establish connections.

4.2 Influence-based Graph Encoder
In this part, we introduce our method to derive node
representations and influence-based parameters hubi and
authi for all nodes vi 2 V , with a graph encoder
framework. Specifically, our encoder architecture is metic-
ulously consisted of multiple spatial-temporal blocks.
Within each block, a heterogeneous GCN module is ded-
icated to the extraction of inherent structural nuances,
while a dual self-attention module is adeptly designed for
temporal dynamics capture. A comprehensive exposition
of these modules is presented in the subsequent sections..

4.2.1 Structural Information Aggregation
Given that GCN aggregates information from adjacent
nodes, it can emulate the computational approach of

the HITS algorithm, thereby capturing the intrinsic node
influence within the graph. For each node, the convo-
lutional layer can be viewed as the aggregation process
of the information contained in neighboring nodes. Since
universities only have the neighbour with the same types,
the node-wise representation update of each GCN layer
within directed subgraph (VU , EUU ) could be written as,

y
(l)
i

= W
>

X

j2N (v)

wjiq
d̂j d̂i

h
(l�1)
j

(4)

with d̂i = 1 +
P

j2N (i) eji, where wji denotes the weight
of edge eij , and h

(0)
i

= FC(xi).
However, based on the definition of university-

company graph, each company would probably have
connections with universities and other companies. Given
the inherent heterogeneity in the feature spaces of these
distinct node types, the conventional GCN aggregation
methodology proves suboptimal.

To address this limitation, we propose a different con-
volutional layer for aggregating information from differ-
ent types. The first step is to design the transformation
matrix M⌧ = (MU ,MC) to project the features of each
type of node into the same space. Moreover, the appeal of
companies to university talents varies for several reasons,
such as the competitiveness of the company and the rele-
vance of the major. Thus we design a type-based attention
mechanism to assign the weights to model the impact
from different types of nodes. Specifically, for company vi,
the impact embedding of a specific type ⌧ can be defined
as the aggregation of neighboring nodes of this type,

y
(l)
⌧i

= W
>

X

j2N⌧ (v)

wj,iq
d̂j d̂i

M⌧h
(l�1)
j

(5)
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Then we need to assign the weight to the different infor-
mation type ⌧ for node vi, based on a similarity between
node embedding and its type-specific neighbouring em-
bedding, which can be calculated as,

a⌧i = hT
ReLU(W [y(l)

⌧i
||h(l�1)

i
] (6)

e⌧i =
exp(a⌧i)P
⌧

exp(a⌧i)
(7)

where W and h are parameters to be learnt, || means
the concatenation operator. With this type-based attention
mechanism, the overall hidden representation of company
vi can be obtained as,

y
(l)
i

= y
(l)
ci

+ y
(l)
ui

=
X

⌧

e⌧ih
(l)
⌧i

(8)

where yci and yui respectively denote information aggre-
gated from the neighbouring companies and universities
for node vi. Thus, by applying this aggregation mech-
anism on each snapshot of the dynamic graph G, our
heterogeneous information aggregation module can be
formulated as,

Y
(l) = HetGCN(G,H

(l)) (9)

where Y
(l) 2 RN⇤T⇤d is the output of HetGCN module.

4.2.2 Temporal Dependencies Modeling

Considering the inherent temporal characteristics of our
proposed transition graph, which delineates the progres-
sion from university to company trajectories, it becomes
important for our model to provide valuable insights that
can assist students in making informed career decisions.
To address the dynamic complexities of this graph, we
design a self-attention based temporal dependencies mod-
eling approach in order to capture the temporal depen-
dencies and evolving patterns present in the data. Subse-
quently, this self-attention-based module is meticulously
integrated into the encoder, ensuring a comprehensive
analysis of the graph dynamic behavior over time.

Upon deploying our proposed heterogeneous infor-
mation aggregation module on every graph snapshot, we
derive a temporal sequence of hidden representations for
every node, symbolized as Y

(l)
i

= {y1
i
, · · · ,y

T

i
} 2 RT⇤d,

where vi 2 V and T represents the number of snapshots,
which collate the representation of node v across times-
tamps, and employ a self-attention mechanism to discern
temporal dependencies. To determine the representation
at time t, we first incorporate the position information
with sinusoidal position encoding as the foundational
Transformer model [49] does. The positional encoding ma-
trix Pi 2 RT⇤d is then element-wise added to the sequence
Yi, as Yi = Yi + Pi, to furnish the input representation
for the self-attention. We initially project the input Yi into
queries Qi, keys Ki, and values Vi using three distinct
projection matrices, Wq , Wk, and Wv . Subsequently, we
compute the relevance of the previous information as,

Zi = �i (YiWv) , �
kl

i
=

exp(e
kl
i )

PT
j=1 exp(e

kj
i )

,

e
kl

i
=

✓
((YiWq)(YiWk)T )

klp
d0 + Mkl

◆ (10)

where d
0 is dimensionality of projected node embedding,

and M 2 R
T⇤T is a masked matrix, encoding the order

and defined as,

Mkl =

(
0, k  l

�1, k > l
(11)

When Mkl = �1, the influence of subsequent times-
tamps on the current timestamp is mitigated.

Within the self-attention paradigm, the updated rep-
resentations capture temporal dependencies. This up-
date process incorporates both multi-head self-attention
mechanisms and position-wise feed-forward operations.
Formally, for each module, the latent representation is
updated as,

H
(l)
i

= LayerNorm
⇣
Y

(l)
i

+ MultiHead(Qi,Ki,Vi)
⌘

,

H
(l)
i

= LayerNorm
⇣
H

(l)
i

+ FFN(H(l)
i

)
⌘

.

(12)
where LayerNorm is the layer normalization network
and FFN is the position-wise feed-forward network. The
multi-head attention mechanism segments the input H

into h partitions, concatenating outputs from these indi-
vidual heads,

MultiHead(Qi,Ki,Vi) = Concat(H1
i
, . . . ,H

H

i
)Wm,

(13)
where H

h

i
is the output of each head and Wm is another

learned projection matrix.
The self-attention mechanism described above can be

succinctly represented as H
(l) = Attn(Q,K,V). Here,

H
(l) 2 RN⇥T⇥d denotes the output of current temporal

modeling block, and H
(l) signifies the sequence of repre-

sentation vectors corresponding to node vi.
Building upon this, we introduce refinements that

are suited for our specific scenario. Our definition of
the problem, together with the autoencoder architecture,
inherently requires that the representation of a company
be closely aligned with the dynamics of its associated uni-
versities. To further this idea, we propose a dual attention
mechanism that not only models temporal dependency
but also emphasizes the connection between a company
representation and information aggregated from univer-
sities. This mechanism integrates an additional informa-
tion sequence, sourced by using university influence as
a query Qui = YuiWqu where the goal is to enrich the
company representation with more nuanced insights from
related universities. In essence, for a company ci, its repre-
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sentation is meticulously crafted through the subsequent
attention process.

H
(l)
ci

= Attn(Qi,Ki,Vi),

H
(l)
ui

= Attn(Qui,Ki,Vi),

Eci = hT
d ReLU(Wd[H(l)

ci
||Y(l)

i
]),

Eui = hT
d ReLU(Wd[H(l)

ui
||Y(l)

i
]),

ai,t =
exp(eci,t)

exp(eci,t) + exp(eui,t)

Ai = [ai,1, ai,2, . . . , ai,T ], t 2 1, . . . , T

H
(l)
i

= Ai � H
(l)
ci

+ (I � Ai) � H
(l)
ui

.

(14)

where hd and Wd are parameters to be learned.

4.2.3 Node Representation Forecasting
Upon deploying multiple spatial-temporal blocks, we de-
rive the culminating node representation sequence, de-
noted as H

L. Given our objective of advising students on
prospective career paths based on historical employment
trends, it is imperative to model the next graph snapshot
using antecedent ones. To this end, we employ a dense
layer to map H

L to a representation matrix R
0 2 RN⇤d.

Inspired by the HITS algorithm, our encoder is designed
to encapsulate node representations and quantify node
influence. The node representation is obtained as,

R
0 = (Hub,Auth,R) = W2�(W1H

L + h1) + h2 (15)

Here, W1, W2, h1, and h2 are learnable parameters. The
output R

0 is the concatenation of Hub 2 RN⇤1, Auth 2
RN⇤1, and R 2 RN⇤(d�2).

4.3 Influence-based Graph Decoder

In the decoding phase, we utilize the forecasting node
representations R

0 learned by our proposed Influence-
based Graph Encoder to reconstruct the original graph
at the next timestamp Gt+1, with using the HITS-inspired
reconstruction function (Eq. (3)). Specifically, we aim to
predict potential talent flows. Our primary objective is to
prognosticate potential talent trajectories. Notably, given
the typically denser talent flow from universities to com-
panies, our focus narrows to predicting the weight of links
engendered by graduate employment.

In practice, we utilize log(eeij) to simplify the training
process, as it can mitigate the influence of potentially
large values. More formally, we estimate the probability
of potential talent flow from vi to vj by leveraging the
influence terms as follows,

p(eij |vi, vj) = �(log(hubi)+log(authj))��elog(||ri�rj ||2),
(16)

where �(·) is the sigmoid activation function to regulate
the range of possibility, and �e is a hyperparameter to
balance the influence of the distance between two repre-
sentation vectors. With this estimated probability, we can
capture the asymmetry of talent flows. Then we compute

the reconstruction loss with negative log-likelihood of all
observed edges in E as following,

Le = �
X

eij2E

log(p(eij |vi, vj))�
X

eij /2E

log(1�p(eij |vi, vj)).

(17)
Note that in our training process, we adopt negative
sampling strategies proposed by [50]. For each node vi, we
sample some nodes that are not connected to vi according
to the noisy distribution Pneg(v) / d

3
4
v (dv is the average

out-degree of all nodes), in order to ensure the efficiency
of training process.

Subsequently, regarding the connections from univer-
sities to companies, due to their representations being
aligned within the same latent space while preserving
information on edge weights throughout the aggregation
process, we propose to forecast the weights of these
connections utilizing a similar reconstruction function,
omitting the sigmoid function. Indeed, the weight of edge
between vi 2 VU and vj 2 VC would be calculated as,

ewij = log(hubi) + log(authj) � �wlog(||ri � rj ||2), (18)

where �w is another introduced hyperparameter to adjust
the importance of distance between latent vectors of two
nodes. Afterward, we can utilize the RMSE loss function
to calculate the total predicted loss as,

Lw =

sP
eij2EUC

|| ewij � wij ||2

|EUC | . (19)

4.4 Model Learning

The primary objective of IGAE is to derive a holistic rep-
resentation for each node within the university-company
graph. This representation is instrumental in dynamically
forecasting potential talent flows and gauging the weight
of graduate employment. Given that both tasks are geared
towards bolstering the representational efficacy of node
embedding while retaining node influence information,
they exhibit intrinsic correlations. Consequently, a joint
learning approach for these tasks is both feasible and
beneficial. Hence, the comprehensive objective function is
thus articulated as:

L = Le + �Lw + ||⇥||22, (20)

where � serves as a hyperparameter, fine-tuning the bal-
ance between the impacts of the two tasks, and ||⇥||22
represents the L2-norm regularization term. Parameters
within the IGAE framework are optimized by minimizing
the reconstruction loss mentioned above.

5 EXPERIMENTS

In this section, we will introduce the details of our exper-
iment on real-world dataset to validate the efficiency of
our proposed IGAE 3.

3. Our source code is at https://github.com/YuyangYe/IGAE
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5.1 Experiment Setup

5.1.1 Dataset

The dataset for this study was sourced from a prominent
online professional network which has been used in sev-
eral related studies on talent transition analysis [12], [13],
[51], as detailed in Section 3.1. To ensure the quality of
the data and its compatibility with the requirements of
our model, we focused on the individuals who graduated
from institutions listed in the QS World University Rank-
ings between 2008 and 2019 [38]. This approach was cho-
sen to prioritize data from top-tier universities, ensuring
the relevance and quality of our dataset. Furthermore, any
internship or work experience prior to graduation was
excluded to maintain a consistent focus on post-graduate
trajectories. After these preprocessing steps, our refined
dataset comprised 620,087 individual trajectories. Using
these data, we constructed a dynamic university-company
transition graph by generating annual snapshots, result-
ing in 12 distinct snapshots. This graph includes 1,305
universities and 5,662 companies, with the average edge
counts in the sets (EUU , ECC , EUC) being 12,165, 35,347,
and 74,521, respectively. In addition, we incorporated
features associated with both universities and companies
in our analysis. We list the detail of features in Table 1.
Specifically, we aggregate similar disciplines and job types
with the selected keywords. Subsequently, categorical
attributes, such as location and type, were converted
into one-hot encoding. For textual descriptions, we used
doc2vec [52] to derive fixed-length vector representations.

TABLE 1: Description of the used features.

Description Type

University ID, Location, Age Categorical
University Size, Major Disciplines Distribution Numerical
University Description Textual
Company ID, Location, Age, Type Categorical
Company Size, Job Type Distribution Numerical
Company Description Textual

5.1.2 Baselines

We compared IGAE with several state-of-the-art methods.
Given that our two prediction tasks can be respectively
formulated as a link prediction task and an edge weight
prediction task, we selected the following methods:

• Self-Attention(SA): this method leverages a self-
attention mechanism to model the basic feature
sequences over time to predict graduate flows.

• DeepWalk [15]: This method learns node embed-
ding by treating random walks obtained from a
graph as a training corpus.

• LINE [17]: LINE emphasizes the preservation of
node proximity within network structures to de-
rive node embedding.

• VGAE [23]: An extension of the variational autoen-
coder, VGAE employs two GCN layers to learn
node distributions for undirected graphs.

• DynGEM [53]: DynGEM uses a deep autoencoder
to incrementally learn the embedding of a dynamic
graph in snapshot t by encoding snapshot t � 1.

• Gravity [24]: Inspired by Newton’s theory of uni-
versal gravitation, Gravity extends VGAE for di-
rected network embedding.

• DiGCN [25]: As an extension of GCN for directed
graphs, DiGCN simplifies its approach using per-
sonalized PageRank.

• HAN [26]: HAN employs node-level and semantic-
level attention mechanisms to derive representa-
tions for heterogeneous graphs.

• HetGNN [9]: HetGNN samples a fixed number
of neighbors through random walks and utilizes
a bi-LSTM structure as an aggregator to integrate
heterogeneous neighbors.

• HTGNN [33]: HTGNN proposes a hierarchical
aggregation mechanism to jointly model heteroge-
neous spatial dependencies and temporal dimen-
sions in the heterogeneous temporal graph.

• DSTAGNN [54]: DSTAGNN designs sophisticated
multi-head attentions and multi-scale gated convo-
lutions to model the spatial temporal graph.

Note that for static graph modeling approaches, we also
integrate the same self-attention module with them to
modify them to solve our dynamic graph modeling prob-
lem. Besides, following the setting of [24], we adopt
source/target vectors paradigm to handle the asymmetric
graph with undirected graph embedding methods.

5.1.3 Evaluation Metrics

We chose the Area Under the Curve (AUC) and the Mean
Average Precision (MAP) to evaluate the performance of
the talent transition prediction task (Task1) and used the
Root Mean Square Error (RMSE) and the Mean Absolute
Error (MAE) to evaluate the performance of the employ-
ment situation forecasting task (Task2).

5.1.4 Implement Setting

To enhance the robustness of IGAE, given the dynamic
nature of our graph with T snapshots, we implement a
meticulous training methodology. Specifically, our model
is designed to reconstruct the snapshot of t+1th step with
training model on graphs of step t � l to t, where l is a
hyperparameter and is assigned to 4. For cross-validation,
we systematically reconstruct each snapshot from the
latter half of the provided sequence. The model is trained
on five distinct snapshot sequences and tested on the
remaining one. Then we present the average performance
metrics of these evaluations. It should be noted that for the
test snapshot, we selected an equivalent number of node
pairs that remained unconnected to serve as negative
samples. Within the IGAE framework, the dimension of
node representation is set to 128. Parameters �e, �w and
� are assigned values of 1, 0.1, and 0.01, respectively.
Our model is optimized by the Adam algorithm with a
learning rate of 0.01.
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Fig. 5: The performance of IGAE and other baselines under four metrics.

5.2 Performance Evaluation

5.2.1 Overall Performance

The comparative evaluation of performance metrics is de-
picted in Figure 5, highlighting the superior performance
of our IGAE model over comparative baseline models
across two prediction tasks, which emphatically affirms
the effectiveness of the proposed IGAE framework. Ini-
tially, it is evident that the Self-Attention (SA) method,
which does not use a graph structure to predict talent
flow, performs poorly, underscoring the effectiveness of
our constructed University-Company Transition Graph.
On a detailed analysis, unsupervised network embedding
methods including DeepWalk, LINE, and DynGEM un-
derperform significantly. This could be ascribed to their
exclusive dependence on node proximity learning, lacking
label-guided aggregation mechanisms crucial for delineat-
ing the subtle, directional influences in talent transitions
modeled by the directed graph. Then, compared to other
graph neural network methods, VGAE performs poorly
across all metrics, especially in employment situation
prediction, which could be attributed to its limited ca-
pacity to capture asymmetric node relationships, probably
resulting from imbalances in in-degree and out-degree.
In contrast, while GNN models designed specifically for
directed graphs show promising results in the first task,
their performance deteriorates in predicting employment.
This observation suggests that these models may struggle
to balance the consideration of node influence and node
similarity, especially when connecting different types of
nodes. For example, Gravity may overestimate the influ-
ence of a prominent company, assuming that it forms con-
nections with all universities, leading to skewed weight
assignments. Conversely, the performance of modified
heterogeneous graph neural networks, such as HAN and
HetGNN, aligns more closely with the employment pre-
diction task, emphasizing the critical need to account for
the inherent heterogeneity within the transition graph to
achieve more accurate and reliable predictions. Moreover,
spatial-temporal graph neural networks, such as HTGNN
and DSTAGNN, demonstrate more commendable efficacy
in the first task, affirming the benefits of parallelly in-
tegrating spatial and temporal module. However, their
performance also decreases significantly in the second

task. The results of the comparative experiment further in-
dicate the robustness of IGAE in modeling unidirectional
and heterogeneous properties intrinsic to dynamic talent
transition graph.

5.2.2 Ablation Study
To assess the impact of various components within the
IGAE framework, we devised several variants of IGAE.
Their descriptions and modifications are as follows:

• IGAE-A: In this variant, the type-based attention
mechanism present in the encoder component of
IGAE is omitted.

• IGAE-J: Rather than adopting a joint approach to
the multitask problem, IGAE-J is designed to learn
the two tasks independently.

• IGAE-D: This variant replaces the dual self-
attention module with the fundamental one.

(a) Task1 (b) Task2

Fig. 6: Performance of IGAE and its variants on two tasks.

As depicted in 6, a comparative evaluation between
IGAE and IGAE-A underscores the importance of dis-
tinguishing influences from various types of neighboring
information during the aggregation process. Additionally,
IGAE-J exhibits notably inferior performance relative to
a multi-task learning strategy, specifically in employment
frequency forecasting task. This finding underscores the
advantages of concurrently tackling both tasks. Moreover,
when compared with IGAE, the worse performance of
IGAE-D validates the efficacy of our proposed dual atten-
tion mechanism, which integrates information from asso-
ciated universities to better understanding the temporal
pattern of companies.
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(a) Task1 (b) Task2

Fig. 7: Performance of IGAE under different lookback l.

(a) AUC (b) RMSE

Fig. 8: Performance of IGAE under different d.

5.2.3 Parameter Sensitivity
Subsequently, we sought to ascertain the robustness of
IGAE by examining its performance sensitivity relative
to the number of training snapshots, denoted as l. We
varied l from 1 to 6 and documented the corresponding
outcomes in Figure 7. Notably, as l increases, IGAE’s
performance exhibits improvement, stabilizing when l ex-
ceeds 4. Furthermore, we investigated the influence of the
dimension size, d, on the model’s efficacy for each task.
As depicted in Figure 8, IGAE’s performance escalates
with an increase in d, suggesting that a higher dimension
effectively retains more information from our proposed
talent transition graph. However, a discernible decline
in performance is observed upon continuous augmen-
tation of the dimension size d. This downturn is likely
attributable to the curse of dimensionality coupled with
the diminishing impact of influence terms.

Additionally, we assessed the influence of parameters
�e and �w, which serve to calibrate the significance of
node proximity in each prediction task. IGAE was trained
with these parameters varied from 0.001 to 10. As il-
lustrated in Figure 9, IGAE attains optimal performance
when �e = 1 and �w = 0.1. This outcome underscores
the heightened importance of node proximity in the initial
task. A plausible explanation for this observed behavior is
the unidirectional property of links between universities
and companies, which amplifies the significance of influ-
ence terms during graph reconstruction.

5.2.4 Data Visualization
To validate the efficacy of our approach in modeling
universities, we visualized the learned representations.
Specifically, we employed K-means clustering [55] to

(a) AUC (b) RMSE

Fig. 9: Performance of IGAE under different �.

group universities and companies based on their em-
bedding. Subsequently, t-SNE [56] was utilized to project
these node representations into a two-dimensional space.
The clustering results are depicted in Figure 10. Upon
closer analysis of the cluster overlaps, we observe that
universities from the same country or region tend to
cluster together, while companies predominantly cluster
based on category similarities. This behavior in node
embedding implies that there is a higher likelihood of
talent mobility within the same region for universities and
within similar industry sectors for companies. Analyzing
deeper into the granularity of the visualization reveals
further patterns and inferences. For instance, Carnegie
Mellon University is proximate to the IT company clus-
ter, on contrast to University of Michigan, which has
the similar location and QS ranking but is closer to the
finance company cluster. This spatial distribution implies
a possible advantage for Carnegie Mellon University in
successfully placing graduates within leading IT compa-
nies, while University of Michigan proximity to finance
firms underscores its strength in the finance domain. Such
observations indicate the capability of our method on
providing detailed and profession-specific insights.

Fig. 10: Visualization of the university and company
representation. The left part is the global view of node
embedding. The right part is a fine-grained display.
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TABLE 2: Comparison of University Ranking Results

Top 20 Universities in QS World University Ranking

Massachusetts Institute of Technology; University of Oxford; Stanford University; University of Cambridge; Harvard University;
California Institute of Technology; Imperial College London; ETH Zurich - Swiss Federal Institute of Technology; University College
London; EPFL; University of Chicago; National University of Singapore; Nanyang Technological University; University of Pennsylvania;
Yale University; The University of Edinburgh; Tsinghua University; Peking University; Columbia University; Princeton University

Top 20 Universities under IGAE Method

Stanford University; Massachusetts Institute of Technology; Harvard University; University of California, Berkeley; California Institute
of Technology; University of Cambridge; University of Oxford; Princeton University; University of Chicago; Yale University; University
of Pennsylvania; Columbia University; University of California, Los Angeles; University of Toronto; University of Michigan, Ann Arbor;
Tsinghua University; University of Illinois at Urbana-Champaign; University of Washington; Carnegie Mellon University

5.3 Case Study
Considering that our IGAE methodology integrates two
quantifiable parameters inspired by the HITS algorithm,
which are related to influence, during the construction
of the network structure, it enables a detailed analysis of
influence based on these factors. According to the rules
of graph reconstruction in IGAE, universities with higher
authority values are considered to be more effective in
attracting talent from other academic institutions. On the
other hand, high hub values suggest the ability of a uni-
versity to direct talent to influential companies. Therefore,
by comprehensively analyzing these factors, we have de-
veloped a unique university ranking system that focuses
on graduate employment outcomes. Table 2 presents the
top 20 universities according to our ranking methodology,
alongside their QS world university rankings [38]. A
quick comparison shows a significant overlap between
the top universities in both ranking systems. Neverthe-
less, our evaluation method highlights certain universi-
ties, underscoring that our rankings align with the pro-
fessional reputation captured by well-established public
university rankings while also providing a new and rea-
soned perspective on university evaluation.Additionally,
there are noticeable differences in the rankings of spe-
cific universities. For example, while the University of
Massachusetts Amherst and Georgetown University have
similar rankings in the QS system, Georgetown University
is ranked higher in our list. This discrepancy suggests that
Georgetown University may place a stronger emphasis
on student career development, while the University of
Massachusetts Amherst may excel in other areas. These
detailed insights can offer prospective students more pre-
cise and informed support in choosing their university.

6 CONCLUSION

In this paper, we proposed an Influence based Graph
Autoencoder (IGAE) approach to evaluate universities by
exploring the employment situation of their graduates,
which fills the research voids in quantitatively assess-
ing university quality. Specifically, our basic assumption
posits that high-influence institutions would attract top-
tier graduates from high-ranking universities, indicating
our problem can be addressed through a talent flow
prediction paradigm. Along this line, we first conducted
a heterogeneous university-company talent transition

graph based on massive resume information, which talent
flows between different institutions and implicitly reveals
the influence of universities and companies. Afterward,
considering the asymmetric properties of talent flows,
we proposed an unidirectional aggregation process with
a type based attention mechanism to encode structural
information of our talent transition graph. Concurrently,
we integrate an innovative dual self-attention module
to effectively capture the dynamic patterns of the talent
transition graph and predict the node representation at
the subsequent timestamp. Note that the devised encoder,
built upon these components, learns node representation
while preserving influence of institutions by maintaining
the corresponding terms inspired by HITS algorithm.
Hence, with designing an influence based graph decoder,
we predict the future talent transition based on the
node dynamics and influential factors. In particular, IGAE
aimed to respectively forecast potential talent flows and
estimate employment frequency, which were optimized in
a joint learning framework. Finally, extensive experiments
on real-world dataset demonstrate the effectiveness of
IGAE compared to state-of-the-art baselines, while several
additional university influence analysis and case studies
are further provided to enhance its credibility.
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