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Abstract—Assigning suitable reviewers to submitted papers
is critical for maintaining the quality and fairness of aca-
demic conferences. The Reviewer Assignment Problem (RAP)
is inherently multi-objective and uncertain, requiring a balance
between expertise, workload distribution, conflicts of interest, and
fairness. In practice, both reviewer expertise and paper topics
are difficult to specify precisely, as they are dynamic, context-
dependent, and often only partially overlapping. To address these
challenges, we present a novel approach to RAP that combines
the Non-dominated Sorting Genetic Algorithm IT (NSGA-II) with
fuzzy set theory. Fuzzy sets are employed to model subjective
and imprecise factors such as reviewer expertise and workload
tolerance, while NSGA-II provides an efficient search mechanism
to optimize conflicting objectives simultaneously. Our method
yields a set of Pareto-optimal reviewer assignment solutions,
allowing program chairs to choose from well-balanced trade-
offs. Experimental results on submission data from the 18th
International Conference on Multi-disciplinary Trends in Artifi-
cial Intelligence (MIWAI 2025) demonstrate that our approach
improves assignment quality and fairness compared to baseline
strategies, while also reducing manual effort in reviewer selection.

Index Terms—reviewer assignment problem, multi-objective
optimization, fuzzy set theory.

I. INTRODUCTION

Peer review is a cornerstone of scientific progress, ensuring
the quality, fairness, and credibility of scholarly communica-
tion [1]. At the core of this process lies the Reviewer Assign-
ment Problem (RAP), which requires conference organizers to
allocate submitted papers to suitable reviewers while balancing
expertise, workload, conflicts of interest, and fairness. The
challenge is amplified in international Al conferences, where
submissions continue to rise while reviewer pools remain
limited [2]. Although platforms such as EasyChair' provide
automated assignment functionalities, they often struggle with
accurately capturing expertise similarity, resolving lexical
mismatches in topic descriptions, and maintaining balanced
workloads, which frequently requires manual intervention by
program chairs.

Historically, several approaches have been proposed to
address RAP. Early methods relied on heuristic or rule-based

*These authors contributed equally to this work.
Thttps://easychair.org/
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systems based on explicit keyword matching between sub-
missions and reviewers [3]. Probabilistic and topic-modeling
approaches, such as Latent Dirichlet Allocation (LDA), were
later employed to provide more flexible expertise modeling [4].
More recent work has explored optimization-based formula-
tions, including network flow theory [5], integer programming
[6], and bipartite matching frameworks [7]. These approaches
offer formal guarantees and efficiency but still struggle to rep-
resent the nuanced and high-dimensional structure of reviewer
expertise and paper content.

Multi-objective approaches have also emerged as promis-
ing solutions for RAP. Goldsmith and Sloan [8] introduced
fairness-aware constraint satisfaction, and Kobren et al. [9]
developed large-scale matching algorithms to improve balance
and equity. Evolutionary algorithms, particularly the Non-
dominated Sorting Genetic Algorithm II (NSGA-II), are natu-
rally suited for RAP because they can simultaneously optimize
multiple conflicting objectives such as expertise matching,
workload balance, conflict avoidance, and fairness [10]. In our
approach, similarity scores derived from embedding models
form one objective, fuzzy membership values for workload
and fairness form others, and NSGA-II identifies a diverse
Pareto front of high-quality assignment solutions. This allows
program chairs to choose from multiple trade-offs instead of
a single aggregated outcome.

Despite their potential, evolutionary approaches remain un-
derexplored in reviewer assignment, especially in combina-
tion with embedding-based expertise modeling and fuzzy set
theory. Reviewer expertise and paper domains are inherently
uncertain and dynamic, and crisp representations often fail to
capture partial alignment or semantic ambiguity. Fuzzy set
theory addresses this challenge by modeling vagueness and
gradual degrees of suitability, while embedding models pro-
vide dense semantic representations enriched by generative Al.
However, embeddings alone only model semantic similarity
and do not handle the combinatorial nature of RAP. To date,
no widely adopted system integrates semantic embeddings,
fuzzy uncertainty modeling, and evolutionary multi-objective
optimization in real conference settings. Existing methods
either prioritize computational efficiency at the expense of
fairness or rely on oversimplified expertise representations that
fail to capture uncertainty and semantic richness.
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To address these limitations, we propose a hybrid framework
that integrates embedding-based expertise modeling, fuzzy
set theory, and the NSGA-II genetic algorithm to achieve
robust and fair reviewer assignment. The embedding com-
ponent generates semantically rich representations of papers
and reviewers [11], enhanced by generative Al to expand
latent topics and relevant keywords. The fuzzy component
models uncertainty in expertise levels and workload tolerance,
while NSGA-II jointly optimizes expertise matching, workload
balance, conflict avoidance, and fairness, producing a diverse
set of Pareto-optimal solutions. Applied to the /8th Interna-
tional Conference on Multi-disciplinary Trends in Artificial
Intelligence (MIWALI 2025), this hybrid embedding, fuzzy, and
evolutionary approach demonstrates its feasibility and practical
benefits. Beyond improving assignment quality and fairness, it
significantly reduces manual effort for organizers and provides
a scalable and adaptive solution for future conferences.

In summary, our contributions are as follows.

« Reviewer information pipeline. We develop an auto-
mated mechanism to retrieve and process reviewer exper-
tise from prior publications, offering a richer and more
accurate basis for reviewer—paper matching.

o Integrated hybrid framework. We design a unified
system that combines generative Al for semantic en-
richment with fuzzy set theory and NSGA-II, enabling
uncertainty modeling and simultaneous optimization of
multiple conflicting objectives.

o Deployment at MIWAI 2025. We deploy our framework
in the MIWAI 2025 conference, where it demonstrates
substantial improvements in assignment quality and fair-
ness while reducing manual workload for program chairs.

II. RELATED WORKS

The RAP has been widely studied due to its central role in
ensuring fair and effective peer review. A common approach is
to compute the similarity between reviewers and papers, and
then generate an assignment that maximizes the total similarity
across all reviewer—paper pairs. This similarity-driven strategy
is employed in conference management systems such as Easy-
Chair, HotCRP?, and the Toronto Paper Matching System®.

The first research direction focuses on defining re-
viewer—paper similarity. Early studies relied on heuristic or
keyword-based methods. [12] applied TF-IDF to estimate re-
viewer suitability. [4] used topic models to represent reviewer
expertise, while [13] combined Linear Discriminant Analysis
(LDA), linear regression, and collaborative filtering to compute
suitability scores. [14] assumed reviewer expertise was known
beforehand and defined matching rules accordingly. More
recent work has introduced neural embedding methods. [15]
calculated reviewer—paper similarity using Word2Vec embed-
dings. [16] proposed the Word Mover’s Distance Constructive
Covering Algorithm (WMD-CCA), which treats RAP as a
classification task based on research field labels. [17] further

Zhttps://hotcrp.com/
3https://torontopapermatching.org/
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advanced this line of research by using sentence-pair modeling
and leveraging associations between paper titles and abstracts
as supervision signals.

The second direction focuses on constructing the assign-
ment itself, which is often formulated as an optimization
problem with multiple objectives and constraints. Integer Lin-
ear Programming (ILP) has been one of the most widely
used methods. [18] demonstrated that reviewer assignment
criteria can be modeled through ILP, and [14] extended this
approach under the assumption of known reviewer suitability.
Mixed Integer Programming (MIP) was later introduced to
incorporate additional continuous variables that help relax
hard constraints [18]. Beyond ILP, metaheuristic approaches
have also been explored. [19] employed a combination of
the Greedy Randomized Adaptive Search Procedure (GRASP)
and genetic algorithms for large-scale reviewer assignment.
[15] integrated genetic algorithms with ant colony optimization
and reported improvements in assignment quality at the cost
of increased computational complexity. Alternative learning-
based approaches have also been proposed. [10] evaluated
several models, including language models, linear regression,
and Bayesian probabilistic matrix factorization, for predicting
reviewer suitability.

Although these studies provide valuable insights, most
existing methods rely on deterministic representations of re-
viewer expertise, workload, and suitability. Such representa-
tions struggle to capture uncertainty, vagueness, and partial
overlap between reviewer interests and paper topics. This
limitation motivates our work, which integrates NSGA-II with
fuzzy set theory to provide a practical and adaptive framework
for reviewer assignment that explicitly models uncertainty
while optimizing multiple conflicting objectives.

III. PROBLEM FORMULATION

We consider the Reviewer Assignment Problem (RAP) in
the context of MIWAI 2025. Let P = {p1, ..., pm } denote the
set of submitted papers, and let R = {ry,...,r,} denote the
set of available reviewers. Each paper is required to receive
exactly A reviews, while each reviewer r; has a maximum
capacity L; that specifies the number of papers they can
reasonably be expected to review. The relationship between
papers and reviewers is further constrained by conflicts of
interest, represented as a set C' C P x R, which prohibits cer-
tain paper—reviewer pairs from being assigned. We introduce
binary decision variables a;;, where a;; = 1 if reviewer r; is
assigned to paper p; and a;; = 0 otherwise. The assignment
matrix A = (a;;) must satisfy the following feasibility
constraints: (i) each paper receives exactly A reviewers, (ii)
no reviewer is assigned more than L; papers, and (iii) no
assignment is allowed for any paper—reviewer pair that appears
in the conflict set C.

While these hard constraints determine the space of feasible
assignments, the quality of an assignment is governed by
several soft objectives that often conflict with one another,
as summarized in Table I. The first objective is to maximize
overall expertise by assigning each paper to reviewers with
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TABLE I
HARD CONSTRAINTS AND OBJECTIVES USED IN THE REVIEWER
ASSIGNMENT FORMULATION

ID Description and Formulation
H1 Each paper must receive exactly A reviews:
ZCLU:A, Vze{l,,m}
j=1
H2 Reviewer capacity must not be exceeded:
> ay <L, VYie{l,....n}
i=1
H3 Assignments involving conflicts of interest are prohibited:
Qij = 0, V(pi,’l"j) ecC
(0)} Maximize total reviewer expertise:
m n
AA) = siay
i=1 j=1
02  Balance reviewer workloads by minimizing load variance:
f2 (A) = —Var <Z aij>
i=1 j=1
03 Ensure fairness by maximizing the minimum similarity per
paper:
f3(4) = max miin Z Sij Aij

Jj=1

the highest topical similarity. Let s;; € [0,1] denote the
similarity score between paper p; and reviewer r;, com-
puted using a combination of fuzzy expertise modeling and
text similarity methods. The second objective is to balance
reviewer workloads. Because highly experienced reviewers
tend to attract many suitable submissions, balancing workload
ensures that the reviewing burden is distributed fairly rather
than concentrated among a few individuals. The third objec-
tive focuses on fairness across papers by protecting weaker
submissions. In particular, we aim to ensure that even papers
with relatively low similarity profiles receive reviewers with
adequate expertise. This objective is expressed by maximizing
the minimum aggregate similarity across all papers.

IV. PROPOSED APPROACH

The overall workflow is illustrated in Figure 1. The input
consists of submitted papers and reviewers’ profiles, including
their past publications. Reviewer expertise and submission
content (titles and abstracts) are semantically encoded using
a Transformer-based model [11]. Cosine similarity scores are
then computed to capture topical alignment between reviewers
and papers. These similarity scores, together with workload
statistics, bidding information, and conflict of interest data, are
transformed into fuzzy satisfaction values through the fuzzy
modeling module.

Subsequently, the NSGA-II framework is initialized with
a population of candidate reviewer—paper assignments, in-
corporating a bias toward high similarity scores to ensure
strong initialization. The population evolves iteratively through
crossover and mutation operators, while strictly enforcing
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Fig. 1. Overview of the proposed reviewer assignment framework

all hard constraints. Each candidate solution is evaluated
using the three-objective fitness function introduced in Sec-
tion III. Guided by non-dominated sorting, elitism, and diver-
sity preservation, NSGA-II searches for high-quality solutions.
Upon termination, the algorithm produces a set of Pareto-
optimal assignments, from which conference organizers can
select the most appropriate trade-off between expertise, work-
load balance, and fairness.

A. Automated Reviewer Publication Mining and Profiling

To establish a reliable basis for reviewer—paper matching,
our framework automatically collects and organizes reviewer-
related data. Specifically, an automated crawler retrieves pub-
licly available information from Google Scholar®, including
recent publications and research keywords. This ensures that
reviewer expertise is captured in a timely and unbiased manner.

The automated pipeline consists of three main stages:

o Publication Crawling: Automatically retrieving titles,
abstracts, and keywords of top publications within the
last five years.

« Metadata Extraction: Systematically collecting co-
authorship and affiliation data to support conflict of
interest detection and workload balancing.

« Data Cleaning: Performing automated deduplication and
text normalization to guarantee consistent, high-quality
semantic representations.

By automating these steps, the tool minimizes manual
effort while providing a scalable reviewer knowledge base for
embedding and optimization. The pipeline operates exclusively
on publicly available metadata (e.g., titles, abstracts, keywords,

“https://scholar.google.com/
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and co-authorship) and avoids any personal or sensitive infor-
mation, thereby ensuring compliance with established research
ethics standards on transparency, privacy, and anonymization.

B. Encoding Method in Reviewer Assignment Problem

To represent candidate solutions for the RAP, we employ
a fixed-length integer vector encoding that effectively maps
reviewer-paper assignments into a structure compatible with
evolutionary algorithms. Let P = {p1,pa,...,pm} denote the
set of submitted papers and R = {ry,ro,...,r;} represent
the available reviewers. Each paper p; € P requires exactly g
reviewers (with ¢ = 4 in our implementation).

The encoding represents a complete assignment as a con-
catenated vector of blocks:

x = [b1||b2]] - .- ||bm] € Z™9,

where each block b; = [rj1,72,...,Ti4] corresponds to
the reviewer indices assigned to paper p;, with each gene
ri; € [0,k — 1] referencing a specific reviewer in R. This
encoding facilitates the application of evolutionary operators
while maintaining the problem constraints.

To ensure topical relevance in assignments, we use a se-
mantic similarity framework based on BERTopic embeddings
[20]. Each paper p; and reviewer r; (represented through their
publication history) are encoded into vector representations
vy, and v,... The similarity score S;;, computed using cosine
similarity between these vectors,

Vpi " Vry
v, I

serves as a key metric in our fitness function to optimize for
topical coherence alongside other constraints. This approach
enables efficient evolutionary optimization while ensuring se-
mantically meaningful reviewer—paper matches.

Si; = cos()

B vaq‘,

C. Fuzzy Modeling of Reviewer Suitability

To evaluate the suitability of reviewer assignments as soft
constraints, we employ fuzzy set theory to capture the inherent
vagueness in expertise, workload, and conflict levels. Each
assignment (p;,r;) of paper p; to reviewer r; is associated
with a satisfaction degree s(p;,r;) € [0,1], where s = 1
denotes a highly suitable match and s = 0 indicates an
unsuitable one. Intermediate values reflect partial suitability,
balancing multiple factors.

Three fuzzy membership functions are defined to model the
core aspects of reviewer assignment. First, reviewer expertise
is measured using a triangular fuzzy set, where higher similar-
ity between paper content and reviewer interests yields higher
membership values. Second, reviewer workload is modeled by
a trapezoidal fuzzy set, in which light to moderate workloads
achieve high membership, while excessive load reduces suit-
ability. Third, conflict of interest is handled using an inverted
triangular fuzzy set, where low conflict levels are mapped to
higher membership values. The combined base satisfaction is
computed as a weighted sum of these three components, with
greater emphasis placed on expertise, followed by workload
and conflict.
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In addition to these intrinsic factors, reviewer bidding data is
incorporated as an external modifier. When a reviewer explic-
itly bids on a paper (e.g., “yes” or “maybe”), the bid score is
blended with the fuzzy-based satisfaction score to reflect self-
declared interest or willingness. This integration ensures that
the model captures both implicit expertise derived from text
similarity and explicit reviewer preferences expressed during
bidding.

Formally, the overall satisfaction function is given by:

3(]71‘7 Tj) = Q- (wl 'Mexp+w2'ﬂwl+w3'ucf> —|—(1—(l¢)bld(p“ rj)a

where flexp, ftwi, and pics denote the fuzzy membership values
of expertise, workload, and conflict, respectively. The weights
w1, we, w3 capture their relative importance, while o balance-
fuzzy evaluation and bidding data.

D. Evolutionary Optimization Strategy

In our context, fitness evaluation balances three competing
objectives: maximizing reviewer—paper satisfaction, minimiz-
ing workload imbalance, and ensuring fairness across review-
ers. All hard constraints (each paper receives the required
number of reviewers, no conflicts, reviewer capacity limits)
are treated as mandatory; any violation produces an infeasible
solution that is discarded. Among feasible solutions, fitness
is computed from the fuzzy satisfaction model introduced in
Section IV-C together with simple load statistics.

For clarity, let P, denote the set of papers assigned to
reviewer r; under solution s, and let

N = |{(p7i77nj) € 8}‘

be the total number of reviewer—paper assignments. The work-
load of reviewer r; is defined as

w](s) = |P7“j|v

and the workload vector is w(s) = (wi(s),...,w,(s)). We
use the standard deviation of w(s) as the imbalance measure.
The three objective components are:

Ao =5 X sur), (1)
(pi,rj)€Ss
fals) = o (w(s)) = % (w;(s) —w(s))?, @
j=1
1
o= B ] 2 000> ©

pi€Pr,

where s(p;, ;) € [0,1] is the fuzzy satisfaction score (Sec-
tion IV-C), w(s) is the mean reviewer load, and the minimum
in Equation (3) is taken only over reviewers with at least
one assigned paper to avoid division by zero. The negative
signs in f; and f3 convert maximization of satisfaction into
minimization because our optimization routine minimizes all
objectives.

In practice, we normalize each objective component to
comparable ranges prior to multi-objective optimization (for
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example, dividing f; by its maximum possible value and
scaling fo by the number of papers) to prevent any single
objective from dominating the search. NSGA-II then operates
on the vector (f1,fs,f3) to approximate the Pareto front
of trade-off solutions that satisfy all hard constraints. To
evolve the population, we employ genetic operators tailored
to the integer-encoded representation of reviewer assignments,
where each individual is a fixed-length vector with seg-
ments corresponding to the reviewers assigned to each paper.
Crossover is implemented as a two-point operator applied at
paper boundaries so that complete reviewer sets for selected
papers are exchanged between parents, preserving assignment
consistency while promoting diversity. Mutation is performed
through a reviewer reassignment operator that replaces one
reviewer in the vector with another valid candidate selected
uniformly at random. Parent selection uses tournament se-
lection to balance exploitation and exploration, and standard
probabilities are applied for both crossover and mutation. Any
infeasible offspring are discarded immediately to ensure all
retained solutions remain valid.

V. EXPERIMENTAL RESULTS

We evaluate the proposed NSGA-II-based framework for re-
viewer assignment at MIWAI 2025, which integrates semantic
embedding and fuzzy modeling. The experiments employ real-
world submission data to rigorously assess the effectiveness
and robustness of the approach.

A. Dataset and Assigning Environment

For our experiments, the MIWAI conference provided es-
sential information on submissions and reviewers, while addi-
tional publication data were automatically crawled to enrich
the dataset.

The dataset includes titles and abstracts from the recent
publications of 205 potential reviewers, averaging around ten
publications each, along with abstracts and keywords from
287 papers submitted to MIWAI 2025. Reviewer assignments
are determined primarily by the similarity between each paper
and the reviewers’ prior work, with bidding preferences from
55 reviewers given high priority. Conflict of Interest (COI)
data are constructed from institutional affiliation comparisons
(as of 2025) and co-authorship records from the preceding
three years. Each paper is assigned between two and four
reviewers, and no reviewer is assigned more than six papers
to maintain balanced workloads. All experiments use the
parameter settings summarized in Table II.

TABLE 11
GA PARAMETER SETTINGS USED IN ALL EXPERIMENTS

Parameter Value
Population size 200
Number of generations 1000
Crossover probability 0.9
Mutation probability 0.35
A1 1.0

A2 1000.0

Authorized licensed use limited to: RMIT University Library. Downloaded

on
39

B. Results and Analysis

To assess the practical benefits of multi-objective optimiza-
tion, we compare the proposed NSGA-II framework under
three configurations:

o Two-phased NSGA-II: Phase 1 prioritizes reviewer bid-
ding preferences, and Phase 2 completes the assignment
using semantic similarity.

o Single-phased NSGA-II: All reviewers are assigned
simultaneously in a single optimization process.

o Ant Colony Optimization (ACO): A baseline meta-
heuristic for comparison.

All methods enforce the same hard constraints and use the
three-objective fitness evaluation described in Section III. Each
experiment is repeated ten times to mitigate stochastic effects
and ensure statistical reliability. Fitness scores are normalized
and inverted for consistency with a maximization objective.

The aggregated results in Table III show that ACO yields
the lowest fitness range, indicating weaker assignment quality.
Both NSGA-II variants achieve higher overall fitness, but with
clear differences: the two-phased NSGA-II improves bidding
match rates by 19-24 percent, while the single-phased version
yields 11-15 percent better semantic similarity. This trade-off
allows organizers to weight preference satisfaction or topical
relevance depending on internal priorities.

TABLE III
NORMALIZED FITNESS SCORE RANGES ACROSS 10 RUNS

Algorithm Min Max
Two-phased NSGA-II 0.826 0917
Single-phased NSGA-II  0.812  0.879
Ant Colony Opt. 0.693  0.772

Figure 2 shows the convergence behavior of the three
methods. The two-phased NSGA-II consistently reaches the
highest fitness and converges rapidly in early generations,
indicating that incorporating bidding information provides a
stronger initialization for the evolutionary search. The single-
phased NSGA-II also improves steadily but stabilizes at a
slightly lower fitness because it must optimize all objectives
simultaneously. The ACO baseline converges more slowly and
remains well below both NSGA-II variants, highlighting its
limited ability to handle multi-objective reviewer assignment.

We also evaluate our framework against the reviewer assign-
ment procedure used in MIWAI 2024, which relied on Easy-
Chair’s automated functions followed by manual adjustments
from program chairs. For consistency, similarity scores for
MIWAI 2024 are recomputed using the same method described
earlier. As shown in Table IV, our approach provides substan-
tially higher total similarity and improved per-paper similarity,
demonstrating the practical advantages of integrating semantic
modeling, fuzzy evaluation, and evolutionary optimization.

VI. CONCLUSION AND FUTURE DIRECTION

In this paper, we presented a fuzzy multi-objective op-
timization approach based on NSGA-II to address the re-
viewer assignment problem at MIWAI 2025. The formulation
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Fig. 2. Best fitness across generations for the three methods

TABLE IV
COMPARISON WITH THE MIWAI 2024 ASSIGNMENT PROCEDURE

Our method Manual process
Total similarity 120.436 56.483
Avg. similarity per paper 0.441 0.187

integrates hard constraints to ensure feasible assignments
and soft objectives to improve expertise matching, workload
balance, and fairness. Fuzzy set modeling is used to capture
uncertainty in reviewer—paper suitability, while its integration
within NSGA-II enables the generation of diverse trade-off
solutions that program chairs can select according to their
priorities. Experiments on the MIWAI 2025 dataset show that
our method outperforms greedy and single-objective baselines,
especially in improving semantic alignment and maintaining
equitable workloads. The fuzzy representation also enhances
realism in cases where expertise cannot be precisely quantified.
Future extensions include scaling the framework to larger
conferences, supporting dynamic or online assignment, and
incorporating reviewer feedback or historical performance data
to further improve assignment quality and fairness.
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