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Abstract—Matching suitable jobs with qualified candidates is
crucial for online recruitment. Typically, users (i.e., candidates and
employers) have specific expectations in the recruitment market,
making them prefer similar jobs or candidates. Metric learning
technologies provide a promising way to capture the similarity
propagation between candidates and jobs. However, they rely on
symmetric distance measures, failing to model users’ asymmetric
relationships in two-way selection. Additionally, users’ behaviors
(e.g., candidates) are highly affected by the feedback from their
counterparts (e.g., employers), which can hardly be captured by
the existing person-job fit methods that primarily explore homo-
geneous and undirected graphs. To address these problems, we
propose a quasi-metric learning framework to capture the sim-
ilarity propagation between candidates and jobs while modeling
their asymmetric relations for bilateral person-job fit. Specifically,
we propose a quasi-metric space that not only satisfies the tri-
angle inequality to capture the fine-grained similarity between
candidates and jobs, but also incorporates a tailored asymmetric
measure to model users. two-way selection process in online re-
cruitment. More importantly, the proposed quasi-metric learning
framework can theoretically model recruitment rules from similar-
ity and competitiveness perspectives, making it seamlessly align with
bilateral person-job fit scenarios. To explore the mutual effects of
two-sided users, we first organize candidates, employers, and their
different-typed interactions into a heterogeneous relation graph,
and then propose a relation-aware graph convolution network to
capture users. mutual effects through their bilateral behaviors.
Extensive experiments on several real-world datasets demonstrate
the effectiveness of the proposed methods.

Index Terms—Bilateral person-job fit, heterogeneous relations,
quasi-metric learning, asymmetric distance.

1. INTRODUCTION

ECENTLY, bilateral person-job fit methods [1], [2] have
gained popularity for enhancing both user satisfaction and
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platform profit in online recruitment, aiming to match candi-
dates with employers and look forward to the agreement for
both parties. For example, online recruitment platforms such
as LinkedIn and BOSS Zhipin have numerous bilateral users,
including candidates (also known as job seekers or persons) and
employers (who offer job positions). These platforms provide
candidates with suitable jobs and match employers with quali-
fied candidates to facilitate agreements. In recruitment scenarios,
candidates and employers typically have specific expectations
for job positions and candidates, which often leads them to favor
similar job positions and candidates. For example, candidates
usually possess specific job skills, residential addresses, and
educational backgrounds, leading them to prefer job positions
that offer similar responsibilities, are located nearby, and match
their qualification levels. Specifically, several illustrative data
statistics are conducted in Section III-B, which indicate that
users in recruitment scenarios tend to favor the “similar items”
compared to other application scenarios. Therefore, capturing
the fine-grained similarities among candidates and job positions
is crucial for improved bilateral person-job fit.

Fortunately, the metric learning technology provides a
promising way for modeling such fine-grained similarity among
candidates and job positions, which can capture the similarity
propagation behind their interactions [3], [4], [5], [6], [7], [8].
As shown in Fig. 1(a), the triangle inequality axiom d(A, B) <
d(A,C) +d(C, B) of metric space will pull the two entities
(e.g., A and B) close to each other if they are similar to one
common entity (e.g., ), facilitating capture the fine-grained
similarity propagation among entities. Such similarity propaga-
tion can not be well captured by existing inner product or multi-
layer perception (MLP) based methods [3], [9] as they violate
the triangle inequality axiom. However, it remains challenging
to directly model person-job fit with existing metric learning
technologies for several reasons. First, bilateral person-job fit is
essentially a two-way selection process [10]. Existing metric
learning methods rely on the symmetric distance d(-,-) be-
tween users (i.e., d(c, j) = d(j, ¢)), thus failing to model asym-
metrically relations of candidates and employers for bilateral
person-job fit. For example, a candidate c applied for a job j but
might get rejected by the employer, indicating the asymmetrical
nature of their relationship. Second, removing the symmetric
axioms in metric space is not well-explored in machine learning,
making it challenging to model the asymmetric relationships that
seamlessly align with bilateral person-job fit scenarios.

In addition, the bilateral interactions between candidates and
job positions are naturally exhibited with the relationship diver-
sity [11], leading to varying mutual influences among them in
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recruitment scenarios. As evidence in social psychology shows,
positive feedback increases people’s confidence to pursue their
goals, while negative feedback undermines their confidence in
pursuing their goals and their expectations of success [12].
Specifically, Fig. 1(b) depicts a bilateral relationship graph
between candidates and job positions for online recruitment,
where candidates ¢ and co, despite having similar preferences,
applied for job position j; and received different feedback (e.g.,
rejection and acceptance). This may further affect candidates’
behaviors, e.g., candidate ¢, is more likely to apply for the senior
job jo compared to candidate ¢ because candidate co is more
confident to be accepted by job j». However, such effects can
hardly be captured by most of the existing person-job fit methods
that primarily rely on homogeneous and undirected graphs [2],
[13], [14], [15], as they fail to model the heterogeneous relations
between users across their different-typed interactions. To this
end, we explore the heterogeneous relations between users (can-
didates and employers) to capture their mutual effects on each
other, contributing to more accurate matching results.

In this paper, we propose a quasi-metric learning framework
for bilateral person-job fit. To alleviate the dilemma of exist-
ing methods, we come up with a quasi-metric space with an
asymmetric distance to measure the bilateral preferences of
two-sided users. On the one hand, we propose capturing the
similarity propagation among candidates and job positions by
benefiting from the triangle inequality axiom [3] of quasi-metric
space. On the other hand, we propose conducting quasi-metric
learning to model the two-way selection process of users with
an asymmetric distance. The proposed quasi-metric space is
designed with thorough consideration of the similarity and
competitiveness rules for online recruitment scenarios, ensuring
it theoretically and seamlessly aligns with bilateral person-job
fit scenarios. Specifically, the similarity rule models the related-
ness of candidates and job positions, e.g., matching candidates
with relative job positions. The competitiveness rule models
the competitiveness relationship in the recruitment market, e.g.,
employers may prefer competitive candidates with stronger
educational backgrounds and more relevant experiences. These
rules contribute to quasi-metric learning to model asymmetric
relationships between two-sided users. To explore users’ mu-
tual effects on each other, we propose a relation-aware graph

convolution network to model the heterogeneous relations be-
tween candidates and employers, which enables the capturing of
how users’ actions influence others and how they are influenced
by actions of others. Extensive experiments on four real-world
datasets validate the effectiveness of the proposed method.

The main contributions of this paper can be summarized as

follows

® We propose a quasi-metric space with an asymmetric dis-
tance measure for bilateral person-job fit. To the best of our
knowledge, this is the first time to explore the quasi-metric
space on person-job fit and recommendation tasks. We
also establish two recruitment rules to construct the quasi-
metric space, making it align well with real recruitment
scenarios theoretically.

® We propose to explore the heterogeneous relations between
candidates and employers with a relation-aware graph con-
volution network, which can capture their mutual effects
behind different-typed interactions.

e We evaluate our model on four real-world datasets, and
the experimental results demonstrate that the proposed
method consistently outperforms state-of-the-art methods
for bilateral users. Ablation experiments and case studies
further validate the motivations behind our approach.

II. RELATED WORK
A. Metric Learning in Recommender Systems

Recommender systems help users discover the items that they
need and prefer from numerous choices, which can enhance
the satisfaction of users and the profit of platforms. Among the
methods used in recommender systems, collaborative filtering
(CF) based methods such as matrix factorization (MF) [16]
gain popularity due to their good performance and elegant
theory, which are augmented with delegate modification such as
utilizing deep neural networks [17], [18], [19], [20] and graph
models [21], [22], [23]. However, these methods fail to capture
the fine-grained similarity propagation of users and items as they
violate the triangle inequality [3].

Metric learning techniques [24], [25] aim to learn an ap-
propriate data distribution with the distance function (e.g., Eu-
clidean distance), which have been utilized in a wide range of
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applications, e.g., computer vision [26], [27], [28], knowledge
graphs [29], and recommender systems [3], [9]. In recommender
systems, one of the most representative works, CML [3], argued
that the inner product violated the triangle inequality and failed
to capture the fine-grained preferences of users. As demonstrated
by [9], even if a user interacted with two similar items, MF or
MLP-based methods will place these two items close to the user
but will not necessarily place these items close to each other.
To this end, various methods have embraced metric learning
approaches to effectively capture similarity propagation with
the triangle inequality, which demonstrates highly competitive
performance in recommendation tasks [3], [4], [6], [7], [30].
Significant effort has been devoted to improving metric learn-
ing technology for recommendations with flexible margins [5],
[8], sampling strategies [31], and distance measure [32], [33].
However, these methods focus on exploring the symmetric rela-
tionship between users and items based on symmetric distance
measures, which have difficulty in modeling the asymmetric
two-way selection process for bilateral person-job fit.

B. Person-Job Fit in Recommender Systems

Reciprocal recommendation is a type of recommender system
that suggests users to other users rather than products. It is
widely adopted in several areas such as recruitment [34], [35]
and online dating [36], [37]. In this paper, we focus on a special
case of reciprocal recommendation, called bilateral person-job
fit, which aims to accurately match suitable job positions with
desirable candidates, ultimately leading to mutually beneficial
agreements [38]. According to the ways of modeling bilateral
relations, existing person-job fit methods can be classified into
symmetric and asymmetric methods.

Symmetric methods focus on the undirected matching for
candidates and job positions, such as text-based matching [39],
[40], [41], [42], [43], [44], collaborative filtering [36], [37], [45],
[46], [47]. To exploit the rich textual semantic information in
resumes and job requirements, several methods have adopted
text-matching strategies or text enhancement methods, such as
CNN [40], [48], RNN [39], and memory network [49], for
person-job fit. For example, APJFNN [39] utilized hierarchical
attention RNN models the word-level semantic representation
for both candidate resumes and job descriptions for person-
job fit. Moreover, several methods have been investigated to
enhance the expressive power of text encoders such as adver-
sarial learning [50], co-teaching mechanisms [51], and trans-
fer learning [52]. Asymmetric methods attempt to model the
asymmetric relationship between candidates and job positions.
Several methods adopted an undirected graph [2] or separate
bipartite graphs (matrices) [13], [14] to model the asymmetric
relationship between candidates and job positions. For example,
DPGNN [2] utilized a unified dual-perspective interaction graph
to model the active and passive aspects of candidates and jobs.
Several methods adopt the multi-task framework to model the
asymmetric relationship between candidates and jobs [15], [53],
[54]. For example, IPJF [53] adopted a multi-task optimization
approach to learn the asymmetric perspectives/intentions of em-
ployers and candidates based on shared text features. However,
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most of these methods fall short of adequately capturing simi-
larity propagation and modeling the diverse relations of users.
To address these limitations, we first propose a quasi-metric
learning framework to capture both similarity propagation and
asymmetric relations between candidates and job positions,
which can be enhanced by the proposed relation-aware GCNs
to capture the heterogeneous relations between users.

III. PRELIMINARY
A. Problem Formulation

Let C ={c1,...,en} and J = {j1,...,jn} represent the
sets of IV candidates and M jobs, respectively. Each candidate
or job is associated with a text document that describes the
resume or the job requirements. We suppose to know the bilateral
relations between candidates and jobs, including the direction
oir € {—,«} (i.e., proactive or passive) and feedback ;) €
{V/, ¥} (i.e., accept or reject). We summarize the heterogeneous
relations between users as follows:

e In the candidate side, if a candidate c¢; applied for a
job jj but received a rejection or was ignored by the
employer, the corresponding interaction set is denoted
as A = {(¢4, ji)|0ik =— Ami = x}. Alternatively, if
a candidate c; rejected or ignored the interview of job
Jk, the corresponding interaction set is denoted as A =
{(ei, gi)loir = Ami, = x}.

e In the employer side, if an employer who posted job
Jr reached out to the candidate c¢; but got a rejection,
the corresponding interaction set is denoted as A} =
{(jk, ci)|oir =— Ami = x}. Alternatively, if the em-
ployer who posted job j; rejected the job application of
a candidate c;, the corresponding interaction set is denoted
as .A;_ = {(jk;ci)|£)ilc =<4 AT = X}.

e If the candidate and the employer reach the agree-
ment, we denote the corresponding interaction sets A =
{(cis ji)|mir = v/} and A7 = {(jik, ¢i)|[mar. = /} for the
candidate and job sides, respectively.

In this paper, our goal is to effectively match job positions
with suitable candidates, ultimately facilitating mutually ben-
eficial agreements. This process involves providing bilateral
(two-way) recommendations for both candidates and employers.
Formally, we aim to accomplish this goal by developing a
matching function, denoted as m(c;, ji ), based on their textual
descriptions and bilateral relations. Taking the task of providing
a candidate c¢; with job positions as an example (i.e., to the
candidate side), we aim to rank the job list for the candidate
ci as Re, = {j(1),---,Jm)}, where j(iy denotes the kth job
position in the ranking list R.,. Symmetrically, the task of
recommending candidates to a job position j; with candidates
(i.e., to the employer side) involves ranking the candidates list
as Rj, = {c(1), - - -, ¢} The main notations used throughout
the paper are summarized in Table I.

B. Data Analysis

To analyze the behavioral patterns of users, we con-
ducted a statistical analysis in different scenarios as shown in
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keywords related to “IT testing” job positions in online recruitment.

TABLE I
SYMBOLS AND NOTATIONS

Description

The number of candidates and job positions.
The whole set of candidates.

The whole set of jobs.

Notation

N, M
C={c1, - ,en}
T ={j1, ,im}

Te,, Ty, Resume of candidate c¢;, job requirements of job
position jy.

o€ {—,«} The direction of interactions.

me{V,x} The feedback, e.g., accept (1/) and reject ().

Asymmetric relation between candidate (or job) @
and job (or candidate) k.

(i, k) = (Qiks Tik)

Az, .A;f Different-typed interactions for candidates and jobs

P, Q Embedding matrices of candidates and jobs.

Wi Text encoding by the BERT model.

M, Relation-aware diagonal matrix.

Tegs Ty The GCN based embeddings.

q(-,-) The asymmetric distance in quasi-metric space.

(S,q), (S,d) Quasi-metric space and metric space with distance
functions ¢ and d, respectively.

de The dimension of latent space.

Fig. 2(a). Specifically, we gather statistics on users’ preference
concentration grouped by the number of users’ behaviors with
different scenarios, including recruitment (Boss Zhipin1 ), movie
recommendation (ML-1 M dataset?), online shopping (Amazon
clothing, shoes and jewelry dataset?), and restaurant recommen-
dation (Dianping*). The users’ concentration is calculated by the
Shannon entropy of their behavior distribution across different
categories of items,

| XN R
H = N Z - Zpu,r 10g2 Pur | >
u=1 i=1
where N is the number of users, {p, |7 =1,..., R} denotes

the behaviors’ distribution over R categories of user v which
satisfied p,, » =Num(u,7)/S°% | Num(u, ). Num(u, r) de-
notes the number of user «’s interactions on items that belong to

![Online]. Available: https://www.zhipin.com/

2[Online]. Available: https://www.movielens.org/

3[Online]. Available: https:/jmcauley.ucsd.edu/data/amazon
4[Online]. Available: https://www.dianping.com/
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category r. The higher entropy generally signifies a more diverse
behavior pattern across various categories, whereas the lower
entropy suggests a more concentrated behavior pattern within
fewer categories. We observe that users in the online recruitment
scenario exhibit a higher concentration among categories, which
implies that candidates prefer job positions that share similar cat-
egories. Furthermore, we examine users’ sequential behaviors in
the online recruitment scenario within the same category (e.g.,
“IT testing” related jobs) as shown in Fig. 2(b). It shows that
users are inclined to apply for job positions that share similar
keywords in their sequential behaviors, indicating users tend
to gravitate toward similar job positions even within the same
category. Therefore, the users in recruitment scenarios tend to
favor “similar items” compared to other recommendation sce-
narios, which verifies our motivation to capture the fine-grained
similarity of candidates and job positions for bilateral person-job
fit.

IV. THE PROPOSED METHOD

In this section, we first present a quasi-metric space for
bilateral person-job fit, which can meet the nature of the bilateral
person-job fit scenario in a theoretical way. Then, we propose a
quasi-metric learning framework to model the asymmetric rela-
tionship between candidates and job positions, Finally, we pro-
pose a relation-aware graph convolutional network to augment
the proposed quasi-metric learning framework by exploring the
heterogeneous relations among users.

A. Quasi-Metric Space for Person-Job Fit

Intuitively, the quasi-metric space can be seen as a general-
ization of the metric space, which can be defined as follows:

Definition I1: Let S be a nonempty set. The (S, ¢) is a quasi-
metric space with an asymmetric distance function ¢: S x § —
R if it satisfies the following conditions for all s,¢ € S, i.e.,

® ¢(s,t) > 0 (the non-negative axiom);

° g(s,t) = q(t,s) =0 < s =t (the identity axiom);

° g(s,t)+q(t,z) > q(s, z) (the triangle inequality axiom).

Therefore, a metric space must be a quasi-metric space, but
the converse is not necessarily true because a quasi-metric space
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does not need to satisfy the symmetry axiom (i.e., ¢(s,t) =
q(t, s)) required in a metric space. In online recruitment scenar-
ios, we use the distance function ¢(-, ) to model the bilateral
preference of candidates and jobs, allowing us to model the
asymmetric relationship among users for bilateral person-job fit.
For example, we can model a situation where a candidate c¢; ap-
plies for a job jj, but gets rejection by ¢(c¢;, jx) < 7 < q(jg, ¢;)-
Specifically, ¢(c;, ji) denotes the preference of candidate ¢; for
the job ji, and ¢(ji, ¢; ) represents the preference of the employer
who posts job ji for candidate ¢;, where the close distance
q(c¢i, 7i) indicates the high preference of ¢; for ji. 7 denotes the
threshold below which a candidate is willing to apply for a job
and an employer is willing to accept a candidate’s application.
By considering such asymmetric relations, the quasi-metric
learning framework can capture a more nuanced understanding
of candidates’ and employers’ preferences and behavior, leading
to more accurate and effective recommendation results.

However, constructing a quasi-metric space with an appropri-
ate function q is a crucial but challenging problem for effective
bilateral person-job fit. To align the quasi-metric space with
the inherent nature of recruitment scenarios, we adopt two re-
cruitment rules for the quasi-metric space construction, namely
similarity rule and competitive rule for person-job fit:

e Similarity rule: a bilateral good job-person fit system
should prioritize the similarity between candidates and
job positions, e.g., providing software engineers with job
positions related to software development.

o Competitiveness rule: a good bilateral job-person fit system
should also consider the competitiveness of candidates and
job positions in a two-way selection process. Specifically,
candidates may prioritize job positions that offer higher
salaries, benefits, and other perks, while employers may
prefer candidates with impressive educational backgrounds
and relevant experiences. For example, if two candidates
c1 and co apply for the same job position j;, and candidate
c1 is accepted while candidate co is rejected, it suggests
that candidate ¢y is more competitive than candidate co,
even if they are both “similar” to job position j;.

To effectively capture both these rules in the two-way se-
lection process, we propose to model the mutual preferences
between candidates and employers in a quasi-metric space (S, q)
that satisfies the following condition:

q(s,t) = q(t,s) = w(s) —w(?), (1)

where ¢(s, t) denotes a distance measure to model the preference
of s for ¢, and w(-) : S — R denotes a real-valued function
to measure the “competitive score” of a candidate or a job
position within the same space. To demonstrate how (1) fa-
cilitates modeling the similarity and competitiveness rules for
bilateral person-job fit, we present the following theorem about
the proposed quasi-metric space.

Theorem 1: Every quasi-metric space (S, g) which satisfies
(1) can be constructed based on a metric space (S, d) by

ds,0) = dlsyt) 45 [ —w (), @)

Similarity Competitiveness
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where s,t € S. d(-,-) denotes the symmetric distance in the
metric space, which measures the similarity between candidates
and job positions. w(+) denotes a function that maps from S to a
real value, measuring the “competitive score” of a candidate or a
job position and satisfying with (w(s) — w(t))/2 + d(s, t) > 0.

Proof: For any quasi-metric space (S,q) that satisfies
q(s,t) —q(t,s) = w(s) — w(t), we define a symmetric func-
tiond : S x S — R based on ¢(-, -):

(o) = T 0l3)

We can prove that (S, d) is a metric space as follows:

e Non-negative axiom: d(s,t) = [¢(s,t) + ¢(t, s)]/2 > 0;

e Symmetric axiom: d(s,t)=|q(s,t)+q(t,s)]/2=]q(t,s)
+q(s,t)]/2 =d(t,s);

e Identity axiom: Sufficiency, if d(s,t) =0 we have
q(s,t) = q(t,s) =0 as q(s,t),q(t,s) > 0. Necessity is
apparently established;

e Triangle inequality axiom: d(s,t) + d(t,z) = [q(s,t) +
q(t,s) +q(t,2) +q(2,1)]/2 > [q(s, 2) +q(2,5)]/2 =
d(s, z).

Furthermore, we can reformulate (1) as

q(s,t) = q(t, s) =w(s) —w(t) < q(s,t)+w(t) =q(t, s)+w(s)
< q(s,t) +q(s,t) +w(t) = q(s,t) + q(t, s) + w(s)

< 2-q(s,t) +w(t) =2-d(s,t) + w(s)

S q(s,t) =d(s,t) +1/2- [w(s) —w(t)].

Therefore, we can construct any quasi-metric space (S, ¢) that
satisfies ¢(s,t) — q(t,s) = w(s) —w(t) in a way of (2). Due
to the non-negative axiom of the quasi-metric space, we have
d(s,t) +1/2- (w(s) —w(t)) > 0. O

This theorem states that every quasi-metric space (S, ¢) which
satisfies (1) can be constructed in a way of (2) based on a
metric space (S, d). First, we can model the similarity rule by
measuring the similarity scores of candidates and job positions
with a distance function d(s,t) : S x § — R in a metric space
(S, d). The metric space satisfies the triangle inequality and sym-
metric axioms, which can capture the propagation of similarity
among candidates and jobs in online recruitment scenarios [3].
Second, the competitiveness rule is easily established based on
the quasi-metric distance, as shown in (2). Specifically, suppose
candidate c; shares the same similarity w.r.t. job position j;
and job position js (i.e., d(c1, j1) = d(c1, j2)), and job position
j1’s competitive score is higher than job position j2’s (i.e.,
w(j1) — w(j2) > 0), we have

q(cr, 41) — qler, ja) = w(ja) — w(jr) <0
< qle1, 1) < g(er, jz2).

Therefore, candidate c; will prefer job position j; to job position
Jo2, which verifies the competitiveness rule in the proposed quasi-
metric space.

To intuitively understand the proposed quasi-metric space, we
present an illustrative example of quasi-metric space for online
recruitment as shown in Fig. 3. In this quasi-metric space, the
brown plane « — y represents the metric space (S, d) which can
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Job\Candidate c1 (Sales Assistant) | ¢z (Kitchen Assistant) z
J1 (Need: Sales Assistant) | Reach an agreement | Null w(j)
J2 (Need: Head Chef) Null
J3 (Need: C++ developer) | Null Null w(cy)
V4

Apply but rejected

w(jr)
w(cy)|

\ projecting to y axis
/

1 jic2 )z y
Competitive scores

Ro & & b o N » 0

n

Metric space

Fig.3. Anillustrative example of quasi-metric space for online recruitment.

be used to measure the similarity between two-sided users, while
the curve interwoven by lines represents the competitive score
s(+) mapping from the metric space S to real values R. Suppose
we have two candidates (c; and c¢) and three job positions (j1,
72 and j3), where their interaction records are shown in the
upper left side of Fig. 3. First, candidate c; and job position j;
can reach an agreement because of the high similarity between
them and the small gap between their competitive scores within
the competitive market. Second, although candidate ¢, and job
position jo meet the similarity rule for each other, i.e., matching
the cook candidate with the chef job position, they may not
reach an agreement due to the large competitive score gap
between them. Specifically, candidate cy prefers job position
J2 and decides to apply for it, but he/she may get rejected due to
being less competitive, possibly due to a lack of experience or
inadequate skills. Third, there is no interaction between the two
candidates (c; and c) and job position j3 because of the huge
dissimilarity between them.

In this paper, we introduce an easy and efficient implementa-
tion of the asymmetric distance ¢(s, t) for quasi-metric space,
which can align with the nature of online recruitment scenarios
by considering both similarity and competitiveness rules.

Corollary 1: Given any function w : S — R on space S, we
can construct a quasi-metric function ¢ : S X & — R based on
the p-norm space where p > 1, i.e.,

q(s,t) = [|s = tll, + max(w(s) — w(t),0), 3)

where ||s — t||,, denote the p-norm distance between s and ¢.
Proof: First, the function ¢(s, ) satisfies the similarity and
competitiveness rules in (1) due to

q(s,t) = q(t,s) = [|s — t[[p + max(w(s) -
— It = sllp =

w(t), 0)
max(w(t) — w(s),0)
w(t),0)

w(s),0)

w(t)] + w(s) —w(t)]

w(s)| +w(t) — w(s)]

= max(w(s) —
~ max(u(t) -
1/2 - [Jw(s) -
= 1/2- fJw(t) -

w(s) —w(t).
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Second, we can use the function ¢(s,t) to generate a quasi-
metric space which satisfies the axioms of Definition 1.

* Non-negative axiom: ¢(s,t) = ||s — t||, + max(w(s) —
w(t),0) > 0;

e Identity axiom: If ¢(s, t) = ¢(t,s) = 0, we have ||s — t||,
+max(w(s)—w(t),0)=||t — s||,+max(w(t)—w(s),0)
= 0, therefore wehave s = tas||s — t||, = ||t — s||, = 0.
Necessity is apparently established, i.e., ¢(s, s) = 0;

¢ Triangle inequality axiom:

q(s,t) +q(t, 2) = ||s — t[|, + max(w(s) — w(t), 0)
+ [t = 2[lp + max(w(t) —w(2),0)
> |Js — 2|l + max(w(s) — w(t),0)
z),0)
w(z),0

+ max(w(t) — w(z)
> ||s—z||p+max(w(s)—

B. Quasi-Metric Learning Framework

1) Embedding for Candidates and Job Positions: To learn
representations of candidates and job positions in the quasi-
metric space, we first embed all candidates and job positions
with two embedding matrices P € RN*% and @ € RMx*de,
respectively. d. denotes the dimension of latent space. Then,
we employ the one-hot encoding to retrieve representations
P; € R% and Q;, € R% for candidate ¢; and job position jg,

P, = Onehot(c;) - P, Qr = Onehot(ji) - Q,

where Onehot(c;) € RN and Onehot(j;,) € R**M denote
the one-hot encoding of candidate ¢; and job position jj, re-
spectively. To make use of the descriptive text associated with
a candidate or job position, we adopt the BERT model to
encode them into the text representations W, & R as in [2].
Specifically, we first maintain the original text order and place a
unique token [C'LS] before the text, then we feed the combined
sequence into the BERT model and use the output of token
[C'LS] as the semantic representation of the descriptive text. To
align the dimensions of the user and text representations, we use
the PCA strategy to reduce the dimension of text representations
W; into d., i.e., W, = PC' A(W}). To enhance the person-job
fit modeling, we fuse the representations of candidates (or jobs)
w.r.t. their text representations as the hybrid representations for
quasi-metric learning, i.e.,

Te,=Pi+a-Wp, x;, =Qr+a- - Wp, 4)

where W7, and W, denote the text representations of 7; and T},
respectively, after processing through BERT encoding and PCA
reduction. T; and T}, denote the descriptive text of candidate c;
and job position j;. The parameter «v is a learnable coefficient
used to combine these two types of representations.

2) Learning Asymmetric and Symmetric Relations in Quasi-
Metric Space: In real-world scenarios, both asymmetric and
symmetric relationships are prevalent in the recruitment market.
For example, asymmetric relations occur when a candidate
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applies for a job but receives a rejection, while symmetric
relations occur when a candidate and an employer mutually
agree on employment. Recognizing and modeling these diverse
relationships is essential for accurate bilateral person-job fit,
we propose learning asymmetric and symmetric relations in the
quasi-metric space for online recruitment.

To learn the asymmetric relations between candidates and
job positions, we employ a pair-wise loss function in the quasi-
metric space inspired by the large margin nearest neighbor
method [55]. The loss function is formulated as follows:

b

(cirgr)EAN(ci, g}, )EA:

LD

(Jrsci) €A AT, c)) EA;

Lasym = [q(mci,a:jk) - Q(‘rciax]‘;) + K]+

[q(xjmxcz‘) - Q(mjkvxc;) + H]+7 (5)

where A, = A" U AY denotes the action set of candidates
when they apply or accept for a job interview, and A; =
A" U A" denotes the action set of employers when they invite
candidates for a job interview or accept a job application from
a candidate. (c;, ;) and (ji,c}) are the negative samples of
(cir i) and (ji. ;). satisfying (c;,5}) & A and (i, &) ¢ A;.
% denotes the margin constant between positive and negative
samples. [-]+ = max(-, 0) denotes the standard hinge loss.

To learn the symmetric relations when candidates and em-
ployers reach agreements, we first calculate their matching
score (distance) by considering both candidate-to-job and job-to-
candidate preferences to model their two-way selection process,
ie.,

m(ci, jr) = @(Te;, Tj,) + (w4, e, )

—w(z;,),0)
—w(z,),0)
(6)

= HTCL — Tjy, ||p + maX(w(ajci)
+ ||z — e, |lp + max(w(z;,)
=2 ||:'CC'L - xjk”p + |w($ci) - w(‘rjk” .

co—equity

similarity
Intuitively, it suggests that candidates and job positions are more
likely to come to an agreement when they are similar and co-

equity to each other. Then, we adopt the triplet-wise loss in the
quasi-metric distance, i.e.,

L sym

- ¥

(ci,dK) EATA
(¢33 ENT (cirik)

[m(ci, ji) — m(cs, ji.) — m(ci, ji) + K+

(7

where (¢}, ji.) € N (ci, jx) is the negative sample of (c;, ji)
for triplet-wise loss function, which satisfies N (c¢;, ji) =
((ch g l(eir db) & AZ A (i) & ALY,

To leverage the rich asymmetric and symmetric relations
for quasi-metric learning, we adopt the multi-task learning
framework which combines both asymmetric and symmetric
goals to jointly learn the representation of candidates and job
positions, i.e.,

min LQML = Lasym + Lsym + )”@||®| ‘27 (8)

3953
o Competitive Competitive
- A\((;\\ scores seores,
4 N
PV - AN w(e, * w(cy t
[ . [ ! !
cr | ! w(j) !
U\ ya ) | (’ Tre fo
N w(j2) 1 I w(j2) [ ¥
~o X P wGiy) I ‘ I
Y ~J2 T I
y NI [ [
I’ o [ b
[ & > : | } | | } |
1, I | I
\ \\\ i }r@ 4 || Metric space || Metric space
N . v T T
So = Ji €1 Jz2 Ji €1 J2

(A) Metric space for similarity, where
candidate ¢, is more similar to job j, than job j,.

(B) Score mapping for competitiveness,
where job j; is more attractive than job ;.

Fig.4. Anillustrative example of quasi-metric learning in online recruitment.

where © denotes all parameters need to be learned in the pro-
posed model. Ag is the regularization coefficient of the L2 norm
]2,

To make an intuitive understanding of quasi-metric learning,
we illustrate the model learning process resulting from the
asymmetric and symmetric loss functions. For the asymmetric
loss function as in (5), we can divide it into two parts which cor-
respond to the similarity and competitiveness rules as follows:

[Q($617xj1) - Q(‘rClvxh) + ’i]+

< [d(xq ’ le) - d(xﬁ ) sz) + Hl]-ﬁ-

Reasonl

+[max(w(ee, )~ w(e;, ), 0)—max(w(re ) —w(z,),0)+ ksl

Reason?2

(C))

where k1 + ko = k. Specifically, suppose that candidate c¢; ap-
plies for job position j; but not for job position jo, there may
be two reasons for this behavior: Reason 1: Job position j; is
more similar to candidate ci than job position j,. In this case,
as shown in Fig. 4(a), job j will move away from candidate c;
and job j; will move closer to candidate c; until there is a safe
margin £, in the metric space. Reason 2: Job position j; is more
attractive than the similar job position jo. In this case, as shown
in Fig. 4(b), job j;’s competitive score will increase while job
J2’s competitive score will decrease until there is a safe margin
k9. Both of these reasons can be captured according to (9) in the
quasi-metric learning. For the symmetric loss function as in (7),
if candidate c; and job position j; reach an agreement, they are
very likely to be similar and co-equality according to (6), which
is consistent with the inherent nature of recruitment scenarios.

C. Relation-Aware Graph Convolution Network Based
Quasi-Metric Learning Framework

To capture the complex and diverse mutual effects among
users, we propose to explore heterogeneous relations among
users for bilateral person-job fit. Specifically, we organize
candidates, jobs, and their relations in a unified graph G =
(V, €). The nodes V in the graph represent candidates and jobs,
ie., V={CUJ}. The edges £ are constructed based on the
different-typed interactions between candidates and jobs, i.e.,
E=AUAT UAT UAST UAT UAY. Then, we propose a
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Fig. 5. The architecture of relation-aware graph convolution network.

relation-aware graph convolution network to capture the mutual
effects of candidates and job positions with their different-typed
interactions.

To explore the heterogeneous relationships between candi-
dates and job positions, we embed each type of relationship
into distinct relation-aware diagonal matrices, e.g., modeling
the v-typed relation by a matrix M, € R% % With nodes and
edges in the graph, we propose a relation-aware GCN method
to model the triplet of candidate, job, and their different-typed
interaction as shown in Fig. 5. Unlike traditional GCN methods
that primarily focus on homogeneous relationships in a graph,
our relation-aware GCN model is capable of modeling heteroge-
neous effects among nodes through message propagation based
on different-typed interactions. Specifically, with the (I — 1)th
layer representation of graph convolution of nodes, we can
obtain the next layer (lth) representation of candidate c;’s by
aggregating his/her neighborhood N (¢;) (i.e., job positions) in
the unified heterogeneous relation graph,

D

JkEN (ci)

(1-1)

l -1
egi) = e((:i )+ o ik - €5, ,

where a;;; controls the weights of neighbors for aggregation,
which can be formulated as

l l 1 1
exp(—[el) — DT Mgy - [e) — el

Jk
l l l l ’
S jen(en exp(—lel) — V1T Mgy - [e) —f))])
(10)

Aik =

where M, (; ) € R%> denotes the relation-aware matrix to
model the v-type interaction between candidate ¢; and job ji.
Therefore, the attention weight a;; measures the “distance”
between candidate ¢; and job position j; measured by the
v-typed relationship. The closer the distance between the ad-
jacent nodes, the more information from the neighbor node is
propagated into the target node. Inspired by the convolution
scheme in LightGCN [21], we adopt the identity activation
function o(x) = x without linear transformations during the
message passing. The final GCN representation for candidate
¢; is obtained by averaging the representations from L layers as
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Algorithm 1: Quasi Metric Learning Method rGQML for
Online Recruitment Recommendation.

Require: Candidate set C, job set 7, their associated text
documents and interactions, initial learning rate 1), and
regularization coefficient Ag.

1: Randomly initialize all parameters © need to be learned.

2: Construct a graph G = (V, £) for candidates and job

positions, and gain their embeddings (i.e., " and
29°") based on the relation-aware GCN method.

3: repeat

4: Randomly draw three samples from different-typed

interactions, i.e., (¢;,, jk,) € Ae, (Jiy, Ciy) € Aj, and
(Cigy Jis) € AY7, and randomly draw corresponding
negative samples, i.e., (¢;, j;,) € Ac, (Ji, ¢;) ¢ Aj,
and (c, j;.) € N (¢4, j), respectively.

5: Update the parameters: © < © — 7 - %;
6: Adjust the learning rate n by AdamGrad;
7
8:

until Convergence
return Model parameters ©

follows:

i = AveragePool([eg?), ey egf)]),
where eg?) = x,. Symmetrically, the relation-aware GCN rep-
resentation for job position j; can be constructed similarly,

en _ (0) (L)
x9"" = AveragePool([e;”, ..., e;"]),
Wodro( F med),
ci €N (jk)
! l DIERC
. exp(—eg,) — el Mgy - e <))
ki =

! ! 1 l :
S eeniy eXD(—[e8) — T My - [l —e))

Finally, we combine the proposed relation-aware GCNs-
based (rG) representations with the proposed Quasi-Metric
Learning (QML) framework for bilateral person-job fit, i.e.,

12)

where Liym and Ly denote the asymmetric and symmetric
loss functions by adopting x, = 2™ and x;, = 27" as in
(4). © denotes all parameters need to be learned in the proposed
model, including the embedding of candidates P, the embedding
of jobs (), combination parameter «, and relation matrices
{M,|v € V}. Ag is the regularization coefficient of the L2 norm
| - ||%. As the objective function is differentiable, we optimize
it by stochastic gradient descent (SGD) and adaptively adjust
the learning rate by AdamGrad, which can be automatically
implemented by PyTorch. The pseudo-code of rtGQML is shown
in Algorithm 1.

minLrGQML = Lin + Lo + )\,@H@HQ,

asym sym

V. EXPERIMENTS

In this section, we aim to evaluate the performance and
effectiveness of the proposed method rGQML. Specifically, we
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TABLE II
STATISTICS OF THE EXPERIMENTAL DATASETS

Datasets Designs Sales Tech Zhilian
#Seekers 12,290 15,854 56,634 4,500
#Jobs 9,143 12,772 48,090 22,467
#Seekers-action 1,200,590 213,860 3,749,807 12,685
#Job-action 76,287 2,077,560 907,087 39,888
#Agreement 166,270 145,066 925,193 15,774

conduct several experiments to study the following research
questions:

® RQI:Does the proposed method rGQML outperform state-
of-the-art methods for bilateral person-job fit?

® RQ2: Does the proposed quasi-metric learning in rtGQML
can effectively model asymmetric relationships between
candidates and job positions for bilateral person-job fit?

® RQ3: Does the proposed method tGQML benefit from
capturing the fine-grained similarity between candidates
and job positions by leveraging the triangle inequality in a
quasi-metric space?

® RQ4: Does the proposed method rGQML benefit from
multi-task learning by considering both asymmetric and
symmetric goals for bilateral person-job fit?

® RQ5: Do the proposed relation-aware GCNs in rGQML
can effectively capture heterogeneous relations between
candidates and jobs to enhance bilateral person-job fit?

® RQ6: How do different configurations of key hyper-
parameters impact the performance of the proposed method
rGQML?

A. Experimental Setup

1) Datasets: We evaluated the proposed method rGQML
on four real-world datasets provided by two popular online
recruitment platforms. The first three datasets were collected
from the Boss Zhipin platform’ during 106 days of real on-
line logs of person-job fit in the designer, sales, and tech-
nology industries, respectively. The last dataset Zhilian was
collected from the Zhaopin platform,® which is publicly avail-
able in Tianchi.” These datasets contain rich interactions be-
tween candidates and employers, such as the actions (i.e., a
candidate applying for a job, an employer reaching out to a
candidate) and feedback (i.e., accept, reject). In addition, all
these datasets also contain text document information, e.g.,
the resume of candidates and the description of job posi-
tions. The characteristics of these datasets are summarized in
Table II.

2) Evaluation Methodology and Metrics: For the first three
datasets, We split the interaction records of each dataset chrono-
logically into training, validation, and test sets. Following prior
study [2], we used the first 84 days records as the train set, and we
equally divided the following 22 days records into the validation
set and the test set. As there is no timestamp information in the
Zhilian dataset, we equally divided it into training, validation,

3[Online]. Available: https://www.zhipin.com/
[Online]. Available: https://www-al.zhaopin.com/
7[Online]. Available: https://tianchi.aliyun.com/dataset/31623
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and test sets. Experimental results were recorded as the aver-
age of five runs with different random initialization of model
parameters.

To evaluate the performance of different methods, we adopted
four widely used evaluation metrics for top-n recommenda-
tion [56], including recall (r@n), precision (p@n), normalized
discounted cumulative gain (ndcg@n), mean reciprocal rank,
and (mrr), where n was set as 5 empirically. We sampled 20
negative instances for each positive instance from the user’s
non-interacted records by following the previous study [2]. We
utilized these metrics to simultaneously evaluate the bilateral
person-job fit tasks, i.e., ranking job positions for candidates and
ranking candidates for employers, which was consistent with
actual online recruitment scenarios.

3) Baselines: We took the following state-of-the-art methods
as the baselines, including content-based methods [39], col-
laborative filtering based methods [13], [17], [57], and hybrid
methods [1], [2], [21], [53] for bilateral person-job fit.

— BPJFNN [39]: Tt adopts a hierarchical attentional RNN
model to learn the word-level semantic representation of
candidates’ resumes and jobs’ descriptions.

— BPR [57]: It learns the latent representations of users and
items based on the pairwise loss with the sigmoid activation
function.

— NCF [17]: Tt enhances collaborative filtering with deep
neural networks, which adopt an MLP to explore the non-
linear interaction between users and items.

— LFRR[13]:Itadopts matrix factorization based on separate
candidate-to-job and candidate-to-job bipartite graphs, and
then combines them for reccomendation.

— LightGCNp,,,: It enhances the LightGCN [21] with text
information about candidates and jobs for person-job fit.

— IPJF [53]: It adopts a multi-task optimization approach to
learn the perspectives/intentions of employers and candi-
dates based on their text information.

— PJFFF [1]: Tt fuses the representations of the explicit and
implicit intentions of candidates and employers based on
their historical application records.

— DPGNN [2]: Tt designs a unified dual-perspective inter-
action graph to model the active and passive aspects of
candidates and jobs.

4) Implementation Details: We adopted a simple linear re-
gression mapping function w(t) = W - ¢ for competitive score
modeling, where W & R*<_ For a fair comparison, all methods
were optimized by the Adam optimizer with the same latent
space dimension (i.e., 64), batch size (i.e., 1024), learning rate
(i.e., 0.001), and regularization coefficient (i.e., 0.0001) for all
the experiments. We adopted the 3-layer of relational-aware
GCNs and 2-norm distance in the quasi-metric space. For
other special hyper-parameters in baseline models, we carefully
searched for their best performance. Early stopping was used
with the patience of 50 epochs.

B. Model Comparison (RQI)

Table III shows the performance of different methods for
bilateral person-job fit. To make the table more notable, we bold
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TABLE III
PERFORMANCE OF THE PROPOSED AND BASELINE METHODS FOR PERSON-JOB FIT
Dataset | Direction | Metric H BPJFNN | BPR NCF LFRR LGCNpen| IPJF PJFFF | DPGNN \ rGQML H impry.
r@5 03452 [ 03720 | 0.5266 | 05430 | 05612 | 04048 | 05110 | 05714 | 0.6794* || 18.90%
To p@s 0.1016 | 0.1136 | 0.1684 | 0.1690 | 0.1778 | 0.1208 | 0.1614 | 0.1800 | 0.2178* || 21.00%
candidates | ndcg@5 || 0.3094 | 03488 | 0.5196 | 0.5128 | 0.5416 | 0.3682 | 04962 | 0.5496 | 0.6408* || 16.59%
Designs mrr 03052 | 03464 | 0.4984 | 04930 | 0.5184 | 03608 | 0.4734 | 0.5256 | 0.6056* || 15.22%
r@5 02984 | 03166 | 04362 | 04854 | 04696 | 03416 | 0.4800 | 0.4956 | 0.5640% || 13.80%
To p@s 0.1148 | 0.1386 | 0.1954 | 02268 | 02160 | 0.1484 | 02224 | 02362 | 0.2888* || 22.27%
employers | ndcg@5 || 0.3008 | 03750 | 0.4958 | 0.5492 | 0.5300 | 0.4004 | 0.5502 | 0.5898 | 0.6986* || 18.45%
mrr 02880 | 03662 | 04766 | 05312 | 05116 | 03816 | 05182 | 0.5636 | 0.6720% || 19.23%
r@5 02504 | 03514 | 04170 | 04560 | 04622 | 0.1872 | 0.4076 | 0.4724 | 0.5862* || 24.09%
To p@s 0.0730 | 0.1106 | 0.1320 | 0.1436 | 0.1470 | 0.0550 | 0.1283 | 0.1498 | 0.1886* || 25.90%
candidates | ndcg@5 || 0.2088 | 03408 | 0.4010 | 04302 | 0.4446 | 0.1604 | 0.3888 | 0.4548 | 0.5652% || 24.27%
Sales mrr 02196 | 03410 | 0.3906 | 04140 | 04296 | 0.1860 | 0.3774 | 0.4396 | 0.5376% || 22.29%
r@5 0.2696 | 0.4058 | 0.4566 | 0.4866 | 0.4950 | 0.2632 | 0.4534 | 0.5068 | 0.5422% || 6.99%
To p@s 0.0842 | 0.1388 | 0.1584 | 0.1744 | 0.1758 | 0.0864 | 0.1566 | 0.1834 | 0.1950% || 6.32%
employers | ndcg@5 || 02344 | 04016 | 04494 | 0.4886 | 04868 | 0.2490 | 0.4422 | 0.5188 | 0.5532* || 6.63%
mrr 0.2430 | 03880 | 0.4336 | 0.4682 | 0.4676 | 0.2583 | 0.4254 | 0.4992 | 0.5318* || 6.53%
r@5 0.4966 | 0.4504 | 05960 | 0.6276 | 0.6508 | 05758 | 0.6430 | 0.7034 | 0.8290% || 17.86%
To p@s 0.1640 | 0.1576 | 02350 | 02442 | 0.2458 | 0.2028 | 0.2472 | 0.2662 | 0.3288* || 23.52%
candidates | ndcg@5 || 04226 | 04352 | 0.6428 | 0.6594 | 0.6782 | 0.5404 | 0.6744 | 0.7234 | 0.8350% || 15.43%
Tech mrr 03822 | 04118 | 0.6266 | 0.6462 | 0.6528 | 0.5008 | 0.6484 | 0.6950 | 0.8090% || 16.40%
r@5 04436 | 03896 | 0.5714 | 0.5862 | 0.6038 | 0.5024 | 0.6324 | 0.6334 | 0.7050% || 11.30%
To p@s 0.1892 | 0.1872 | 0.3024 | 03182 | 0.3240 | 0.2444 | 03362 | 0.3406 | 0.4020% || 18.03%
employers | ndcg@5 || 04590 | 04762 | 0.6598 | 0.6750 | 0.7250 | 0.5782 | 0.7344 | 0.7542 | 0.8364* || 10.90%
mrr 04152 | 0.4498 | 0.6422 | 0.6654 | 0.6998 | 0.5334 | 0.7038 | 0.7288 | 0.8194* || 12.43%
r@5 0.1290 | 0.0650 | 0.4874 | 05399 | 05922 | 0.1481 | 03438 | 0.6196 | 0.6867* || 10.83%
To p@5s 0.0313 | 0.0169 | 0.1394 | 0.1552 | 0.1679 | 0.0376 | 0.0949 | 0.1795 | 0.1993* || 11.03%
candidates | ndcg@5 || 0.0883 | 0.0492 | 0.4224 | 0.4617 | 0.5055 | 0.1104 | 0.2851 | 0.5359 | 0.5960% || 11.21%
Jhilian mrr 0.1171 | 0.0735 | 0.3910 | 04234 | 04704 | 0.1326 | 0.2793 | 0.4986 | 0.5544* || 17.86%
r@5 0.1962 | 0.0733 | 0.6477 | 07133 | 0.7645 | 02189 | 0.5108 | 0.7732 | 0.8000% || 3.47%
To p@5s 0.0436 | 0.0165 | 0.1536 | 0.1696 | 0.1811 | 0.0493 | 0.1192 | 0.1845 | 0.1902% || 3.09%
employers | ndcg@5 || 0.1285 | 0.0492 | 05625 | 0.6149 | 0.6512 | 0.1497 | 03963 | 0.6689 | 0.6920% || 3.45%
mr 0.1508 | 0.0731 | 0.5363 | 0.5815 | 0.6137 | 0.1642 | 03777 | 0.6349 | 0.6532* || 2.88%

% indicates that the improvements are significant at the level of 0.01 with paired t-test.

the best results for each dataset with one specific evaluation
metric. From the experimental results, we can get the following
conclusions. First, the proposed method tGQML consistently
outperforms all baseline methods in all cases, demonstrating the
effectiveness of the proposed method. Second, the hybrid meth-
ods (e.g., DPGNN) that consider both interaction and text infor-
mation perform well in most cases, emphasizing the importance
of exploring both text descriptions and interactions of candidates
and jobs. Third, DPGNN and LightGCN,,,., show good perfor-
mance among the baseline methods, indicating the superiority of
exploring structural information in the candidate-and-job graph.
Fourth, the method LFRR, which adopts two simple matrix
factorization techniques [57] to model the candidate-to-job and
employer-to-candidate preferences, achieves competitive per-
formance among baseline methods, which indicates the neces-
sity of modeling two-way selection in reciprocal person-job
fit. Finally, it should be noted that the content-based method
BPJFNN exhibits poor performance compared to others. This
can be attributed to the low quality of textual descriptions of
candidates and jobs, which may contain default, meaningless,
or erroneous information.

C. Ablation Studies

To evaluate the effectiveness of the module design in the
proposed method rtGQML, we compare it to several special cases
which include:

— woAsys: We replace the asymmetric distance with sym-
metric Euclidean metric distance, i.e., q(s,t) = d(s,t),
which cannot capture the asymmetric relationship between
candidates and jobs. Also, the ablation method fails to
model the competitiveness rule in person-job fit scenarios
asw(s) = w(t) =0.

— woTri: We remove the triangle inequality property in quasi-
metric space. Specifically, we replace (3) with ¢(s,t) =<
s,t > +max(W -t — W - s,0),1i.e., adopting the similar-
ity measure based on the popular matrix factorization [16],
which fails to model the similarity rule in person-job fit
scenarios.

— woMT: We eliminate the multi-task learning in the pro-
posed method which aims to model both asymmetric
and symmetric relations between candidates and employ-
ers. Specifically, we only conduct the symmetric learning
Lymmetic for bilateral person-job fit.
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TABLE IV
PERFORMANCE OF VARIANT RGQML FOR ABLATION STUDIES

Dataset Direction Method ‘ r@s ‘ p@s ‘ ndcg@5 ‘ mrr ‘
WOASYS 0.6116 | 0.1951 0.5839 0.5539
woMT 0.5786 | 0.1756 0.5073 0.4713
To woTri 0.5617 | 0.1732 0.5118 0.4841
candidates | woRGCN | 0.6207 | 0.1984 0.5983 0.5717
woHetero | 0.6583 | 0.2062 0.6011 0.5603
Designs rGQML 0.6794 | 0.2178 0.6408 0.6056
WOASYS 0.5339 | 0.2683 0.6588 0.6336
woMT 0.4678 | 0.2164 0.5524 0.5235
To woTri 0.4864 | 0.2211 0.5464 0.5196
employers woRGCN | 0.4934 | 0.2423 0.6116 0.5914
woHetero | 0.5228 | 0.2613 0.6499 0.6244
rGQML 0.5640 | 0.2888 0.6986 0.6720
WOASYS 0.4963 | 0.1579 0.4772 0.4595
woMT 0.3877 | 0.1165 0.3477 0.3404
To woTri 0.4796 | 0.1485 0.4430 0.4272
candidates | wWoRGCN | 0.4567 | 0.1450 0.4497 0.4390
woHetero | 0.5227 | 0.1625 0.4835 0.4609
Sales rGQML 0.5862 | 0.1886 0.5652 0.5376
WOASYS 0.4862 | 0.1732 0.4906 0.4739
woMT 0.3800 | 0.1268 0.3592 0.3521
To woTri 0.4934 | 0.1737 0.4888 0.4687
employers woRGCN | 0.4720 | 0.1700 0.4839 0.4650
woHetero | 0.5239 | 0.1847 0.5190 0.4971
rGQML 0.5422 | 0.1950 0.5532 0.5318

— woRGCN: We eliminate the relation-aware graph convo-
lution network in method rGQML, which degenerates into
method QML as in (8) for bilateral person-job fit.

— woHetero: We eliminate the heterogeneous relations in the
graph. Specifically, we replace the relation-aware matrices
M,y with the identity matrix £ in (10) and (11), which
fails to capture the heterogeneous mutual effects of candi-
dates and employers within their different-typed behaviors.

Table IV shows the performance of the proposed method

rGQML and ablation methods including woAsys, woTri, woMT,
woRGCN, and woHetero. From the experimental results, we can
get the following conclusions:

e RQ2: The proposed method rGQML consistently outper-
forms the variant woAsys in all cases, which highlights the
superiority of the proposed quasi-metric learning frame-
work for bilateral person-job fit. Specifically, the proposed
method rGQML benefits from modeling the competitive-
ness rule in the recruitment market with quasi-metric learn-
ing. Compared to the existing metric learning methods
which only model the symmetric relations of users, the
proposed method rGQML can model their asymmetric
relations with the similarity rule and competitiveness rule
based on quasi-metric learning for bilateral person-job fit.

e RQ3: The proposed method rGQML shows significant
improvement to the variant woTri in all cases. It indicates
that the triangle inequality property can capture the fine-
grained similarity propagation between candidates and
jobs for bilateral person-job fit. Specifically, the statistical
analysis in Section III-B indicates that the users tend to
favor the “similar items” in recruitment scenarios, and the
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ablation experiment verifies the effectiveness of the pro-
posed method for capturing similarity propagation among
candidates and jobs.

e RQ4: The variant woMT performs badly among all meth-
ods in most cases, indicating the necessity of conducting
multi-task learning to capture both asymmetric and sym-
metric relationships between candidates and employers.
Specifically, besides the symmetric agreement relations, it
is necessary to learn from users’ asymmetric relationships
to explore the rich similarity and competitiveness informa-
tion between candidates and job positions.

e RQS5: The variant woRGCN, also known as method QML,
performs badly among these ablation methods, which
demonstrates the importance of enhancing the proposed
quasi-metric learning framework with the relation-aware
graph convolution network. In addition, the proposed
method rGQML outperforms the variant woHetero in all
cases, indicating that the proposed method benefits from
capturing heterogeneous relations between candidates and
jobs across different-typed interactions. Specifically, the
relation-aware GCNs module enables the capturing of how
users influence others and how they are influenced by
their neighbors within different-typed interactions. The
attention weights of the relation-aware GCNs measure the
“distance” among users based on the relation-aware matrix,
which controls the information diffusion in the graph.

D. Hyper-Parameter Study (RQ6)

There are two key parameters for the proposed method
rGQML, including the number of layers L for the relation-
aware GCNs and the norm p for the quasi-metric space. In this
subsection, we investigate how these parameters influence the
performance of the proposed method rGQML.

First, we investigate how the number of GCN layers L influ-
ences the performance of the proposed method. Fig. 6 shows
the performance of rtGQML and DPGNN with various number
of GCN layers. It shows that the proposed method rGQML
outperforms the baseline model DPGNN with different numbers
of GCN layers. For the proposed method rGQML, it indicates
that too large or too small L layers may degrade the performance
of rtGQML. With consideration of both predictiveness and com-
putational complexity, we suggest setting a moderate L for the
proposed method. Second, we explore how the p-norm in the
quasi-metric space influences the proposed method. Fig. 6(b)
shows that the proposed method rGQML performs the best with
the 2-norm (i.e., Euclidean distance) in all cases. Therefore, we
suggest using the Euclidean distance to capture the similarity
ropagation in the proposed method.

E. Case Study

As shown in the ablation study, the proposed method rGQML
can model heterogeneous relations between candidates and
job position for better recommendation results. To investigate
whether rtGQML can capture our claims at the case level, we
conducted a case study between the proposed method rGQML
and the baseline model DPGNN to illustrate why rGQML can



3958 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 47, NO. 5, MAY 2025
Designs (to candidates) Designs (to employers) Designs (to candidates) Designs (to employers)
0.65 070 ——om | °7° —e— QML
i 0.60 1 065 » 201 - 063
<4 ® @ ®0.60
3 0.55 B 0.60 g 0551 8
o c c c 0.55
—e— QML —e— QML
050 Liayers —*— DPGNN | 055 Liayers —— DPGNN | ] p —norm 050 p—norm
0 1 2 3 4 0 1 2 3 4 1 2 3 4 1 2 3 4
Sales (to employers) Sales (to candidates) Sales (to employers) Sales (to candidates)
0.56
0.55 1 0.56 —e— QML —e— QML
0.34 0.54
0.52
0 0.50 o n
% %‘0'50 9052
T s S 048 s
—e— QML 0.46 —e— QML 0.50 0.50
0.40 Liayers —®— DPGNN 0.44 Liayers—*— DPGNN 0.48 p —norm ot p—norm
0 1 2 3 4 0 1 2 3 4 1 2 é 4 ) i é 3 1‘3
(a) (b)
Fig. 6. (a) Performance comparison of rGQML and DPGNN w.r.t. different number of layers. (b) Performance of rtGQML w.r.t. different p-norm.
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Fig. 7. Case studies demonstrate how the proposed method rGQML con-
tributes to improved recommendation results. The solid arrow and the dashed
arrow denote the relations in the train set and the test set, respectively. The
numbers around the arrows denote the prediction scores based on the proposed
method rGQML and method DPGNN. The colored text denotes the matching
text between candidates’ resumes and jobs’ descriptions.

perform better for bilateral person-job fit. Specifically, we sam-
pled two candidates (c1, c2) and two job positions (71, j2) as
shown in Fig. 7. First, both candidates c¢; and co applied for job
position j1, but they received acceptance and rejection feedback,
respectively. Second, we sampled a similar job position jo w.r.t.
job position j; . We predicted the person-job fit relations between
the two candidates and the job position js, which were then
verified based on the test set.

Fig. 7 depicts the prediction scores for person-job fit between
candidates and job positions based on the proposed method
rGQML and the baseline model DPGNN. As the scores pre-
dicted by rtGQML and DPGNN are based on distance and
similarity measures respectively, we transform their values using

max-min normalization to make them comparable, where the
larger score indicates the higher preference.

On the one hand, rtGQML and DPGNN share similar pre-
dictions on the relations between these two candidates and job
positions j;, which can capture the relations in the train set. On
the other hand, there is a significant discrepancy between the
rGQML and DPGNN methods in predicting whether candidate
co will apply for the job position jo. The method DPGNN gives
a positive response to this question because it believes that
candidate co may apply for a similar job position j». However,
in the real-world scenario, there is no interaction between them,
and this is wrongly predicted by the method DPGNN. The main
reason for candidate co showing less interest in job jo lies in the
fact that he has received negative feedback from job j;, which
is not captured by the method DPGNN. The proposed method
rGQML can explore the heterogeneous relations and model
the competitiveness rule in the recruitment market, resulting
in a better prediction in this case. Specifically, job position
J2 has higher requirements than job position j;, such as work
experience at the semantic level, which makes candidate ¢y be
less confident to be accepted by the senior job j». Candidate c;
has higher competitiveness compared to candidate cs, such as
rich experience and professional knowledge, making it easier
for candidate c; to be accepted. All of these facts are effectively
captured by the proposed method rGQML.

VI. CONCLUSION

In this paper, we propose a quasi-metric learning framework
for bilateral person-job fit, which can capture the similarity
propagation between candidates and job positions while mod-
eling their asymmetric relations. We propose to capture the
fine-grained similarity between candidates and job positions
by a quasi-metric space, and design an asymmetric measure to
model the two-way selection process of candidates and employ-
ers. To model the mutual effects of two-sided users on each
other, we organize users and their heterogeneous relations into
aunified graph, and propose a relation-aware graph convolution
network to capture the different mutual effects among them. The
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proposed method outperforms state-of-the-art baseline methods,
which demonstrates the superiority of capturing both the simi-
larity and competitiveness rules for bilateral person-job fit. The
ablation studies show the importance of each component of the
proposed method, including triangle inequality, asymmetric dis-
tance, multi-task learning, and relation-aware GCNs. The case
studies further illustrate the superiority of the proposed method
in capturing the heterogeneous relations and competitiveness
rule for person-job fit. In the future, we hope to further explore
the sequential patterns of candidates’ and employers’ behaviors
within the quasi-metric learning framework, including designing
a more delicate sequence mining module for the quasi-metric
learning framework and predicting long-term user behaviors.
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