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Abstract
To maintain the company’s talent pool, recruiters need to continu-

ously search for resumes from third-party websites (e.g., LinkedIn,

Indeed). However, fetched resumes are often incomplete and inac-

curate. To improve the quality of third-party resumes and enrich

the company’s talent pool, it is essential to conduct duplication

detection between the fetched resumes and those already in the

company’s talent pool. Such duplication detection is challenging

due to the semantic complexity, structural heterogeneity, and infor-

mation incompleteness of resume texts. To this end, we proposeMH-
SNet, an multi-level identity verification framework that fine-tunes

BGE-M3 using contrastive learning. With the fine-tuned BGE-M3,
MHSNet generates multi-level sparse and dense representations for

resumes, enabling the computation of corresponding multi-level

semantic similarities. Moreover, the state-awareMixture-of-Experts

(MoE) is employed in MHSNet to handle diverse incomplete re-

sumes. Experimental results verify the effectiveness of MHSNet.

CCS Concepts
• Computing methodologies → Learning paradigms; Lexical
semantics; • Information systems→ Similarity measures.
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1 Introduction
Duplicate Resume detection refers to the process of determining

whether two given resumes belong to the same individual. This is

challenging because those resumes may have missing information

or inconsistent wording in their descriptions.

As shown in Figure 1, when recruiters are looking for candidates,

they may scan and search from third-party websites (e.g., LinkedIn,

Indeed). After obtaining the resumes from the third-party websites,

recruiters will match them with the company’s internal resume

pool to identify duplicate resumes and merge the duplicate resumes

into a more complete resume for subsequent job matching. How-

ever, resumes provided by third parties are often incomplete, and

the same candidate may also upload multiple different resumes at

different times. According to our statistics over a random sample

of 6,000 resumes, we found that 99% contained inaccurate names,

1.5% lacked educational information, and 13% were with incomplete

work experience. Duplicate detection in resumes with incomplete

information plays a pivotal role in corporate recruitment. Given

that companies conduct hundreds of thousands of interviews annu-

ally (via campus and social recruitment channels), each requiring

substantial human and material resources, implementing resume

https://doi.org/10.1145/3746252.3761547
https://doi.org/10.1145/3746252.3761547
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Figure 1: Example case of duplicate resume detection. Resumes 𝑅𝐴 and 𝑅𝐵 are duplicate while 𝑅𝐴 and 𝑅𝐶 represent different
candidates.

duplication detection can save millions in operational costs while

significantly enhancing recruitment efficiency.

Although natural language processing has been employed to

improve resume-job matching [4, 13, 18, 23], current work primarily

focuses on matching resumes with job requirements, which cannot

be used to address the problem of resume de-duplication.

Duplicate resume detection is complex. As shown in Figure 1,

although resumes 𝑅𝐴 and 𝑅𝐶 have the same undergraduate school

in their educational background, their work experience do not

match (e.g., JD in 2021 vs. Oracle in 2021). As comparison, although

the school names in resumes 𝑅𝐴 and 𝑅𝐵 appear different, domain

knowledge reveals that HK PolyU is simply an abbreviation of the
Hong Kong Polytechnic University. Although the work experiences

in 𝑅𝐴 and 𝑅𝐵 are not the same, it can be seen that 𝑅𝐵 is a resume

registered a few years ago, and thus the work experience in 2021 is

missing. Therefore, 𝑅𝐴 and 𝑅𝐵 refer to the same candidate, meaning

that they are duplicate resumes.

There are many challenges in duplicate resume detection: C1, re-
sumes are highly semantic-rich documents, making their semantic

representation crucial. Additionally, resume data is imbalance, with

negative sample (e.g., 𝑅𝐴 and 𝑅𝐶 in Figure 1) being particularly rare;

C2, resumes are typically long, semi-structured texts comprising

numerous fields, such as educational and work experience. Both

local and global similarities play a crucial role in duplicate detec-

tion; C3, different resumes may have varying missing fields, making

it challenging for a single network to handle all types of missing

information effectively.

Therefore, to conduct accurate duplicate resume detection for

recruiters, this paper proposes an multi-level duplicate detection

frameworkMHSNet. In detail, to address C1,MHSNet employs con-

trastive learning and element-wise data augmentation techniques

to fine-tune embedding model BGE-M3 [2]. To address C2, MH-
SNet calculates similarities between structured, semi-structured

and full resumes to capture both global and local similarities be-

tween resumes. To address C3,MHSNet utilizes Mixture-of-Experts

(MoE) with the gating network directing the data to different expert

modules according to the structured fields state in resumes. The

main contributions could be summarized as follows:

• To our best knowledge, we are the first to conduct duplication

detection over incomplete resumes.

• We proposeMHSNet that leverages LLM, semantic compu-

tation, and MoE to conduct duplicate detection.

• We conduct extensive experiments on real-world resume

datasets, and the experimental results show the superiority

of our model.

2 Method
2.1 Problem Statement and System Overview

Definition 1. Duplicate Resume Detection Problem Given two

resumes 𝑅𝐴 , 𝑅𝐵 , the duplicate resume detection problem is to

calculate the similarities between 𝑅𝐴 and 𝑅𝐵 , so as to identify

whether 𝑅𝐴 and 𝑅𝐵 belong to the same person. Specifically, a re-

sume 𝑅𝐴 = {𝑅𝑆𝐺
𝐴

, 𝑅𝑆𝐸
𝐴

, 𝑅𝑆𝑂
𝐴

, 𝑅𝐶
𝐴
}, where 𝑅𝑆𝐺

𝐴
, 𝑅𝑆𝐸

𝐴
, 𝑅𝑆𝑂

𝐴
are struc-

tured general, education, and occupation information, respectively.

𝑅𝐶
𝐴
is a set of semi-structured chunks which are split from the de-

tails of involved projects, received awards, and so on. Structured

information refer to the content entered by users within predefined

fixed modules of the resume template, while semi-structured in-

formation consist of text in open-ended areas of the template that

allow flexible input.

As illustrated in Figure 2, to conduct duplicate resume detection,

we propose MHSNet, an MoE-based Hierarchical Semantic Rep-

resentation Network. Firstly, to deal with the semantic nature of

resumes,MHSNet fine-tunes BGE-M3 [2] to achieve more accurate

embedding. Specifically, element masking strategies are utilized to
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Figure 2: System architecture of MHSNet.

augment samples for better fine-tuning. Secondly, to fully utilize

the local and global information in resumes, multi-level seman-

tic similarity over contrastive embedding is computed. In detail,

the fine-tuned BGE-M3 is used to get the embeddings for struc-

tured, semi-structured and full resumes. And the cosine similarity

is calculated over these contrastive embeddings. Thirdly, since any

embedding may lead to information loss, in order to preserve the

original information in resumes, multi-level statistical similarity is

computed. Finally, to deal with diverse missing fields, a state-aware

MOE is proposed with a gating network to assign weights to each

experts according to the input resumes.

2.2 Fine-tuned Model with Elements Data
Augmentation

MHSNet fine-tunes BGE-M3 for embedding to achieve better re-

sume representation. To do this, we first generate more positive and

negative sample resumes to enrich the data, and then fine-tuning

BGE-M3 with contrastive learning.

Elements Masking Strategy is proposed to generate more

positive and negative sample resumes for fine-tuning. Specifically,

we generate positive sample resumes through hiding part infor-

mation in the original resume, and the masking strategy follows

the distribution of resumes obtained from third-party. For negative

samples, we generate resume pairs of different individuals, and

these selected resumes have some similar structured information,

and some similar semi-structured detailed experiences.

BGE-M3 Fine Tuning To capture semantics in resumes, we

introduce rich semantic representations, including both dense and

sparse representations. Moreover, in the face of the sparsity of

samples and the limited number of positive and negative samples,

we employ contrastive learning to fine-tune the model.

Specifically, the dense embedding 𝑣 is used to capture the

meaning of individual tokens and their interrelationships within a

sentence. On the basis of the dense embedding, a learned sparse
embedding 𝑣 ′ is obtained through a linear layer, and is used for

more precise matching and semantic-level similarity retrieval.

Contrastive learning is utilized to fine-tune BGE-M3 by learning
the similarities and differences between samples. And the loss for
contrastive learning depends on whether the samples are positive

or not. In detail,

L𝑝𝑜𝑠 = (1 − cs)2

L𝑛𝑒𝑔 = 𝑟𝑒𝐿𝑈 (0, (cs − 0.2)2)
(1)
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where the cs represents the cosine similarity over the embedding

vectors of two resumes. The fine-tuning process can enhance the

robustness and the performance of BGE-M3.

2.3 Multi-Level Semantic Similarity over
Contrastive Embedding

To capture local and global semantic similarities between resumes,

we first extract structured fields from resumes with LLM, and split

the semi-structured content in resumes into chunks. Then, for each

resume, like 𝑅𝐴 , multi-level sparse and dense contrastive embed-

dings are extracted with fine-tuned BGE-M3, including sparse and

dense embeddings of structured fields 𝑅𝑆𝐺
𝐴

,𝑅𝑆𝐸
𝐴

,𝑅𝑆𝑂
𝐴

, embeddings

of semi-structured chunks 𝑅
𝐶𝑖

𝐴
, and embeddings of full resumes

𝑅𝐴 . After that, similarity networks are constructed to compute

the multi-level semantic similarities. And the details of similarity

networks are shown below.

As only information in the same structured field is meaningful

to be compared, the structured similarity network computes the

cosine similarity of the corresponding structured fields between

𝑅𝐴 and 𝑅𝐵 . Moreover, to capture rich semantic information, both

sparse embedding and dense embedding are used in structured

similarity network. As a result, the semantic similarity vector of

structured fields is sim𝑠𝑡𝑟𝑢
as shown in Equation 2.

sim𝑠𝑡𝑟𝑢 = 𝑐𝑜𝑛𝑐𝑎𝑡 (CS𝐷
𝑆𝐺 , CS

𝑆
𝑆𝐺 , CS

𝐷
𝑆𝐸 ,

CS𝑆
𝑆𝐸 , CS

𝐷
𝑆𝑂 , CS

𝑆
𝑆𝑂 )

CS𝑆𝐺 =
𝑅𝑆𝐺
𝐴

· 𝑅𝑆𝐺
𝐵

∥RSGA ∥∥RSGB ∥

(2)

where CS𝐷
𝑆𝐺

, CS𝑆
𝑆𝐺

represents the cosine similarity of the struc-

tured general information over dense and sparse contrastive em-

beddings, respectively.

Duplicate resumes should have some similar detailed experi-

ences, like project experiences and award experiences. As the de-

tailed experiences are semi-structured content and are always too

long, we split the content into chunks according to specified rules

(like fixed length or time intervals). Because incomplete resumes

may lack details of some experiences, the highest similarity be-

tween semi-structured chunks is most likely to reflect the real

similarity between two resumes. Thus, the semi-structured simi-
larity network computes the semantic similarity between each

pair of chunks in 𝑅𝐴 and 𝑅𝐵 , and the maximum value is identified

through max pooling, as shown in Equation 3.

sim𝑠𝑒𝑚𝑖 = 𝑐𝑜𝑛𝑐𝑎𝑡 (CS𝐷
𝑠𝑒𝑚𝑖 , CS

𝑆
𝑠𝑒𝑚𝑖 )

CS𝑠𝑒𝑚𝑖 = max

𝑖=1,...,𝑚
𝑗=1,...,𝑛

(
𝑅
𝐶𝑖

𝐴
· 𝑅𝐶 𝑗

𝐵

∥RCi
A ∥∥RCj

B ∥
)

(3)

where CS𝐷
𝑠𝑒𝑚𝑖 represents the maximum cosine similarity among

dense-embedded semi-structured chunk pairs in 𝑅𝐴 and 𝑅𝐵 , while

CS𝑆
𝑠𝑒𝑚𝑖 represents the similarity over sparse embeddings.

Besides the local similarity computed in sim𝑠𝑡𝑟𝑢
and sim𝑠𝑒𝑚𝑖

, the

global similarity between resumes is also important. Thus, the un-
structured similarity network calculate the cosine similarity be-

tween full 𝑅𝐴 and 𝑅𝐵 , and the final semantic similarity SIM𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐

is obtained using Equation 4.

sim𝑓 𝑢𝑙𝑙 = 𝑐𝑜𝑛𝑐𝑎𝑡 (CS𝐷
𝑓 𝑢𝑙𝑙

, CS𝑆
𝑓 𝑢𝑙𝑙

)

CS 𝑓 𝑢𝑙𝑙 =
𝑅𝐴 · 𝑅𝐵

∥RA∥∥RB∥
SIM𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 = 𝑐𝑜𝑛𝑐𝑎𝑡 (sim𝑠𝑡𝑟𝑢 , sim𝑠𝑒𝑚𝑖 , sim𝑓 𝑢𝑙𝑙 )

(4)

2.4 Multi-Level Statistical Similarity
Although fined-tuned BGE-M3 can provide better embeddings to

capture rich semantic information in resumes, any embedding may

lead to information loss, which in turn affects similarity calculation.

Therefore, we also compute the statistical similarities SIM𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐

between 𝑅𝐴 and 𝑅𝐵 using the complete original resumes. As shown

in Figure 2, similar to SIM𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 , multi-level similarities are cal-

culated over structured pairs, semi-structured pairs, and full pairs of

𝑅𝐴 and 𝑅𝐵 . Specifically, the Jaccard similarity, SimHash similarity

and Levenshtein similarity are utilized as the measures to get a

similarity vector sim𝑡𝑒𝑥𝑡 ∈ R15. In order to more comprehensively

represent the statistical similarity, an MLP layer is used to calculate

as:

SIM𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐 = MLP(sim𝑡𝑒𝑥𝑡 ) (5)

2.5 Structured Field-State-Aware
Mixture-of-Experts

After obtaining SIM𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 and SIM𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐 , MHSNet conduct
duplicate detection between 𝑅𝐴 and 𝑅𝐵 . The impact of similarity

between different pairs on final duplicate detection is influenced by

the extent of information missing in the original resume. To better

handle diverse missing information, we employ Mixture of Experts

(MoE) to process semantic similarity and statistical similarity.

Specifically, according to Equation 6, the gating network takes

the status of structured information in the resume as input. If the

resume 𝑅𝐴 lacks educational information, the variable 𝑅𝑆𝐸
𝐴

.𝑖𝑠𝑁𝑈𝐿𝐿

is set to 1; otherwise, it is 0.

F𝑔𝑎𝑡𝑒 = 𝑙𝑖𝑛𝑒𝑎𝑟 (𝑅𝑆𝐺𝐴 .𝑖𝑠𝑁𝑈𝐿𝐿, 𝑅𝑆𝐺𝐵 .𝑖𝑠𝑁𝑈𝐿𝐿

𝑅𝑆𝐸𝐴 .𝑖𝑠𝑁𝑈𝐿𝐿, 𝑅𝑆𝐸𝐵 .𝑖𝑠𝑁𝑈𝐿𝐿

𝑅𝑆𝑂𝐴 .𝑖𝑠𝑁𝑈𝐿𝐿, 𝑅𝑆𝑂𝐵 .𝑖𝑠𝑁𝑈𝐿𝐿)
G = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (F𝑔𝑎𝑡𝑒 )

(6)

In the state-aware MOE, each expert is an MLP network which

independently trains and processes the input feature vector to

obtain a corresponding score 𝐸𝑖 , and the total score is calculated as

the weighted sum of 𝐸𝑖 according to Equation 7.

𝑀𝑖 = MLP(𝑐𝑜𝑛𝑐𝑎𝑡𝑒 (SIM𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 , SIM𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐 ))

Score =
𝑛∑︁
𝑖=0

G𝑖 ·𝑀𝑖
(7)
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2.6 Output Layer
The obtained Score in MOE is fed into the Output Layer, which

ultimately outputs the duplicate resume detection result.

isDuplicate = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (Score) (8)

3 Experiment
3.1 Experiment Settings

Datasets. We conduct the experiments on a real-world dataset

collected by a large company in China. The dataset is collected for

more than 6 months. There are 183205 resume pairs in the dataset,

in which 160127 are positive samples and 23375 are negative sam-

ples, where positive samples refer to resumes that are textually

dissimilar but belong to the same individual, while negative sam-

ples denote resumes with textual similarities that originate from

different individuals.

Evaluation Metrics. We evaluate the duplicate detection task

with three widely used metrics for classification: Area Under the

Receiver Operating Characteristic (AUC), Accuracy, and F1 Score.

Specifically, AUC is a curve drawn with true positive rate as the

ordinate and false positive rate as the abscissa according to a series

of different two classification methods (boundary value or decision

threshold). AUC denotes the Area Under the receiver operating

characteristic curve over the test set, which is a widely used metric

for CTR prediction. The larger AUC is, the better the duplicate

detection prediction model performs.

Baselines. To provide a comprehensive evaluation of ourMHSNet
model, we compare it against both traditional similarity calculation

methods (i.e., Jaccard, SimHash and Levenshtein similarity ) and

LLM-based methods (i.e., mGTE [22], ME5 [17], BGE-Base [19] and

BGE-M3 [2]).

Implementation Details. We adopted the BGE-M3 [2] as the

LLM model in this paper. The training process is divided into two

main parts: fine-tuningMHSNet and subsequent model training.

During fine-tuning, given that it already possesses strong text rep-

resentation capabilities, we conducted only one epoch of training

with a batch size of 8 and a learning rate of 1𝑒−5. Moreover, the

dense embedding is set to 𝑣 ∈ R250002 and the sparse embedding

is set to 𝑣 ′ ∈ R1024. After fine-tuning, we froze BGE-M3 and pro-

ceeded with the subsequent training phase. During detection model

training, we trained for 20 epochs with a batch size of 1024 and a

learning rate of 1𝑒−3. Additionally, in our model design, each gate

consists of a linear layer, and each expert is composed of a 3 layer

MLP.

3.2 Evaluation Results

Overall Performance. As shown in Table 1, our proposedMH-
SNet outperforms all baseline solution, verifying the effectiveness

of MHSNet. Among the baseline models, BGE-M3 generally out-

perform traditional similarity calculation methods, while BGE-
M3(dense+sparse) with supervised contrastive learning perform

better than those trained with unsupervised learning. This suggests

that models fine-tuned with contrastive learning can effectively

compute text similarity, leading to more accurate resume similarity

Table 1: Performance of the proposed and baseline methods
for duplicate resume detection, where ∗ indicates the best
result among baselines. Improvement refers to the enhance-
ment achieved byMHSNet.

Models Accuracy AUC F1

Jaccard 0.5036 0.5532 0.5036

SimHash 0.4460 0.6025 0.4296

Levenshtein 0.7050 0.4265 0.8194

ME5-base 0.7554 0.7973 0.8211

BGE-Base-zh-v1.5 0.7122 0.7871 0.7727

mGTE-Base 0.7770 0.8048 0.8394

BGE-M3(only dense) 0.7410 0.8317 0.8043

BGE-M3(only sparse) 0.8417 0.8486 0.8922

BGE-M3(dense+sparse) 0.8489∗ 0.8593∗ 0.8976∗

OursMHSNet 0.8849 0.9096 0.9223
Improvement 5.13% 7.19% 3.37%

judgments. Moreover, among all fine-tuned models, BGE-M3 per-
formed exceptionally well, which is the main reason for choosing

BGE-M3 for fine-tuning.

Ablation Studies. As depicted in Table 2, all of the components in

our proposedMHSNet have significant impacts on the performance

of duplicate resume detection. In detail, removing sim𝑠𝑒𝑚𝑖
(Equa-

tion 3), sim𝑓 𝑢𝑙𝑙
(Equation 4), and Statistical similarity (Equation 5)

has a minor effect on the MHSNet performance, with accuracy

decreasing by only about 1%. However, after removing sim𝑠𝑡𝑟𝑢

(Equation 2) accuracy drops from 88% to 83%, suggesting that basic

information, educational background, and work experience play a

crucial role in resume duplicate detection. Compared to Dense em-

beddings, Sparse embeddings, through the added linear layer that

calculates token weights in the text, play a critical role in resume

duplicate detection, particularly in structured comparison. Further-

more, the accuracy of the model without fine-tuning dropped by

6%, while fine-tuning significantly improved the accuracy, confirm-

ing the effectiveness of our contrastive learning-based fine-tuning

approach. Finally, after removing the MOE component, accuracy de-

creased by 3%, indicating that MOE plays a key role in determining

duplicate resume detection.

Table 2: Performance of the Ablation Studies.

Model Accuracy AUC F1

w/o Dense embedding 0.8345 0.9059 0.8844

w/o Sparse embedding 0.7985 0.8911 0.8494

w/o Fine-tuning 0.8201 0.8893 0.8663

w/o sim𝑠𝑡𝑟𝑢
0.8345 0.9024 0.8832

w/o sim𝑠𝑒𝑚𝑖
0.8705 0.8937 0.9108

w/o sim𝑓 𝑢𝑙𝑙
0.8705 0.8979 0.9126

w/o Statistical similarity 0.8776 0.9091 0.9154

w/o MoE 0.8561 0.8945 0.9009

MHSNet 0.8849 0.9096 0.9223
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Figure 3: Effect of Number of Experts.

Effect of Chunk Division Methods. Table 3 illustrates that con-

structing semi-structured chunks according to time intervals can

achieve better performance, as this division method can better

capture the temporal dependencies in the sequence.

Table 3: Effect of Chunk Division Methods

Chunk Division Mode AUC F1

Fixed length(length=512) 0.9064 0.9162

Divided by line break 0.9069 0.9154

Divided by time interval 0.9096 0.9223

Effect of Number of Experts. Figure 3 investigates the impact

of the number of experts on the judgment results. We evaluate the

performance of MHSNet with varying numbers of experts, from

1 to 10. The experimental results show that when the number of

experts is 6, the model performs well over both AUC and F1 metrics.

Therefore, we adopted this setting in subsequent experiments.

Online A/B Test. Figure 4 illustrate the pipeline of online sys-

tem of duplicate resume detection model (i.e., Step 3 in Figure 1).

The online system is deployed on Alibaba’s original platform and

mainly consists of an online service module and an offline train-

ing/inference module. The system leverages a search engine plat-

form to retrieve similar resumes, then uploads the features of these

resumes to the online service system, where candidate resumes are

re-ranked to determine whether the input resume has duplicates

within the internal resume pool.

It is conducted over the real world system used in a large com-

pany in China. We compare the duplicate resume detection perfor-

mance between the original system and the updated system with

MHSNet. To ensure fairness, we adjusted the scheduling engine

on the online platform so that, during the online A/B tests, approx-

imately half of the daily traffic for duplicate resume detection is

allocated to each model. We monitor the online result for 8 days,

and record the accumulated bad cases as shown in Figure 5. Here,

a bad case refer to a negative sample, which means the system

considers two resumes to be from the same person, but in fact, they

Figure 4: The Duplicate Resume Detection Model in Online
System.

Figure 5: Online A/B test.

Table 4: Case Study of BGE-M3 Fine Tuning

Text in Structured Field

no Fine-tuning with Fine-tuning

CS𝐷
𝑆 CS𝑆

𝑆 CS𝐷
𝑆 CS𝑆

𝑆

James Michael Smith

J. M. Smith

0.7353 0.5365 0.9751 0.9732

CityU

Hong Kong City University

0.8686 0.5157 0.9526 0.9488

ByteDance

TikTok

0.4907 0.5005 0.6118 0.5

are not. According to the result,MHSNet can improve the online

performance. Moreover, the results also reveal the sparsity and

skewness of real-world data, specifically, the scarcity of negative

samples.

Case Study of Verifying Fine-tuning. A case is depicted in Ta-

ble 4 where the similarity in each row refers to CS𝐷
𝑆𝐺

(Line 1 in

Table 4), CS𝐷
𝑆𝐸

(Line 2) and CS𝐷
𝑆𝑂

(Line 3). The result verify that

fine-tuning BGE-M3 is necessary. The fine-tuned model indicate

significant improvements in both Dense and Sparse scores, with
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Figure 6: Example Resumes.

the Sparse score nearly doubling from 0.5365 and 0.5157 to 0.9732

and 0.9488, respectively. Even for completely dissimilar name text

pairs, the fine-tuned model’s dense score increased by about 20%.

These results clearly indicate that contrastive learning fine-tuning

significantly enhances the model’s ability to capture implicit seman-

tic relationships in resumes, such as name similarity (full names

and abbreviation), school and company abbreviation normalization,

and other multi-level semantic similarities, thereby improving the

overall performance of the model.

Case Study for VerifyingMOE. Considering the resumes 𝑅𝐴 and

𝑅𝐶 in Figure 1, the correspondingF𝑔𝑎𝑡𝑒 = [0, 1, 1, 1, 1, 1] as the name

field in 𝑅𝐴 is incomplete. In this case, G = [0.0131, 0.8710, 0.8538,
0.8487, 0.4553, 0.3084], and the final weighted score is 0.3597, which
is lower than the score of 0.5325 without using MOE. This indicates

that MOE can deal with various missing types well.

Case Study for sim𝑠𝑡𝑟𝑢 . We analyze the effectiveness of the struc-

tured information network sim𝑠𝑡𝑟𝑢
(Equation 2). Figure 6 presents

similar resume cases for two different job applicants, where both

Resume A and Resume B use fictitious names. Both resumes have

the same education experience and worked at the same company

in 2021, but in different specific roles. To calculate sim𝑠𝑡𝑟𝑢
, we first

obtain the General similarity between Resume A and B as 0.95, the

Education similarity as 0.9964, and the Occupation similarity as

0.2521. With sim𝑠𝑡𝑟𝑢
, the overall similarity is calculated as 0.3597,

which is significantly lower than the similarity of 0.7607 without

sim𝑠𝑡𝑟𝑢
. The result indicates that the structured information net-

work can effectively extract the similarity of names and educational

background, while reducing the similarity score for subtle differ-

ences in work experience, thus more accurately distinguishing

between the two resumes.

4 Related Work
Job recommendation has been widely studied [9, 14]. Text-based

methodswere introduced, to encode job descriptions and resumes[13,

15, 24] . Behavior-based methods can capture complex user-job in-

teractions [5, 21]. Hybrid models combined both text and behavior

data [6, 7, 10]. Recent trends include adversarial training, behavior

graphs [1, 11], and LLM-based recommendations [4, 18].

Semantic Similarity is widely used in text classification[8]

and machine translation[25]. Transformer-based models such as

BERT[3] have introduced contextual understanding by combining

pre-training and fine-tuning. In addition, advances in text embed-

ding models(e.g., E5 [16], BGE [20], and Sentence-T5 (ST5) [12])

have improved semantic similarity measurement.Furthermore, to

meet the demands of multilingual scenarios, models such as BGE-

M3 [2] have been developed.

5 Conclusion
We provide a thorough analysis of the challenges in duplicate re-

sume detection, with particular emphasis on the structural hetero-

geneity of resumes (structured, semi-structured, and unstructured

components). To address the challenges of duplicate resume de-

tection, we propose MHSNet, a novel framework for detecting

duplicates in incomplete resumes. The key strength of MHSNet lies
in its hierarchical processing of diverse resume structures, ensuring

robust adaptation to heterogeneous input formats. Furthermore,

the integration of Mixture of Experts (MOE) enables specialized

processing of distinct resume fields. In detail, MHSNet first fine-
tunes BGE-M3 with contrastive learning and element-wise data

augmentation. Then, local and global similarities between resumes

are calculated over different part of resumes. After that, MOE is uti-

lized to handle diverse incomplete cases. Effectiveness of MHSNet
is verified with comprehensive experiments.
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